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Foreword

The International Conference on Sequence Analysis and Related Meth-
ods (LaCOSA II) was held in Lausanne, June 8-10, 2016, four years after
the Lausanne Conference on Sequence Analysis (LaCOSA). The confer-
ence brought together scholars using innovative methods for analyzing
longitudinal data in social, managerial, political, population, psycholog-
ical, health, and environmental sciences with developers of methods for
longitudinal analysis.

Sequence Analysis (SA) has become a popular exploratory tool in so-
cial sciences since the pioneering contributions of Andrew Abbott and the
recent release of powerful pieces of software. Nevertheless, SA remains
essentially exploratory and needs to be complemented with other model-
ing tools, especially when it comes to testing hypotheses or studying the
dynamics that drives the trajectories. In that perspective, this LaCOSA
IT conference did not limit itself to SA by also covered alternative longitu-
dinal methods, such as survival and event history analysis, Markov-based
and other longitudinal stochastic models. The aim was to debate how
these different approaches can complement each other.

Alongside three keynote talks by Francesco Billari, Jeroen Vermunt
and Aart Liefbroer, 57 papers were presented at the conference. The
papers were selected among 79 propositions on the basis of reviews made
by members of the scientific committee. In addition LaCOSA II featured
also a longitudinal data analysis contest.

The present proceedings collect the papers presented at the conference.
Some authors chose to not include their full paper for copyright reasons.
In those cases only a—short or long—abstract is included.

We would like to warmly thank here all members of the Scientific
Committee for their scientific support and their help in the reviewing
process. Many thanks also to the Organizing Committee, as well as to
Christelle Burri for her administrative assistance. We also acknowledge
the financial support of the University of Geneva and its Geneva School
of Social Sciences, the Foundation and the Institute of Social Sciences of



the University of Lausanne, the Swiss National Center of Competence in
Research LIVES and the Swiss National Science Foundation. LaCOSA II
would not have been possible without all these supports.
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Keynotes

Discovery and explanation in demography and life
course research

Francesco C. Billari
Oxford University

Simple and advanced latent Markov modeling: A flex-
ible probabilistic approach to sequence analysis

Jeroen K. Vermunt
Universiteit Van Tilburg

Abstract: Latent Markov modeling — also referred to as hidden Markov,
Markov switching, regime switching, or latent transition modeling — has
become a quite popular tool for longitudinal data analysis in social, be-
havioral, and biomedical research. In this talk, I will introduce the la-
tent Markov model as a tool for sequence analysis. The key feature of
this probabilistic model is that it takes into account that true and ob-
served sequences may not match perfectly. More advanced versions al-
low among others dealing with multivariate, parallel, and correlated se-
quences, with various forms of observed and unobserved heterogeneity,
with nested/multilevel sequences, with incompletely observed sequences,
and with an unequal spacing of the measurements in time. I will illus-
trate these simple and more advanced versions of the latent Markov model

with an empirical example and discuss their implementation in the Latent
GOLD 5.1 software.

Using sequence snalysis to understand the family-life
course: Developments and future perspectives

Aart C. Liefbroer
Netherlands Interdisciplinary Demographic Institute (NIDI)
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Do different approaches in social science lead to
divergent or convergent models?

Daniel Courgeau

Institut National d’Etudes Démographiques (INED)

Abstract Sequence analysis is essentially an exploratory tool and needs to be
complemented with other modelling approaches when it comes to testing hypothe-
ses or studying the dynamics that drives the trajectories. This paper will first ex-
plore some of these tools: event-duration models which lead to event history anal-
ysis; event-sequences models which lead to sequence analysis; multiple level
models which lead to multilevel analysis; social network models which lead to
multilevel social-network analysis; models based on individual agents which lead
to agent-based analysis. It then shows that these models can be classified under
some more general concepts: the statistical individual concept covers event histo-
ry and sequence analysis; the statistical network concept covers multilevel and so-
cial-network analysis. Only the agent-based analysis seems to escape from these
concepts as it models theoretical ideas rather than data. However as it remains at
the individual level it is too reductionist to explain social behavior. It seems then
necessary to set up a more robust research program for demography. This research
program may follow the induction’s way given by Bacon in searching for the
structure of the studied phenomena and the interactions between the networks cre-
ated by people. Such a program will be able to lead to a convergence of these dif-
ferent models.

1 Introduction

From it’s inception by Graunt in 1662, the scientific study of population called by
Petty (1690) political arithmetick, paved the way for around 200 years for demog-
raphy, epidemiology, political economics, and more generally for population sci-
ences. During this period a cross-sectional approach was followed for which so-
cial facts of a period exists independently of the individuals who experience them,
and can be explained by various characteristics of their society. After the end of
World War |1, population scientists took a new view on these facts, which intro-
duced the individual’s lived time. This cohort analysis approach considered that
the occurrence of a given event, during the life of a generation or a cohort, can be
studied in a population which preserves all its characteristics and the same charac-
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teristics for as long as the phenomenon manifests itself (Courgeau, 2007). This
approach was however submitted to very restrictive conditions (Courgeau and
Lelievre, 1994), and leads to the more recent approaches which we will present
more thoroughly in this paper.

Social scientists today use various methodological approaches that perform of-
ten complementary but sometimes divergent tasks. We shall first briefly describe
the main methods used in population science, emphasizing their potential conver-
gences as well as their divergences.

From this comparison, we shall try to identify the conditions that would allow a
synthesis of the approaches through an analysis of a more epistemological nature
regarding an inductive construction in the Baconian sense (1620). This method of
induction? consists of discovering the principles of natural or social processes by
way of experimentation and observation. It rests on the requirement that without
these principles the properties observed would be different (Franck, 2002).

2 Research Areas

We shall present and mainly discuss here the five main approaches by event dura-
tion, event sequence, multiple levels, network and agent-based decisions, used in
population science.

2.1 An approach by event duration

This first approach made its debut in social sciences in the early 1980s, more than
thirty years after the introduction of longitudinal analysis. However, it was already
in circulation earlier, particularly among statisticians. We can trace its origin to the
notion of martingale, used by Ville in 1939 and Doob in 1953. In 1972, Cox pro-
posed the joint use of life tables and a regression model. In 1975, Aalen suggested
the use of counting process theory for the joint analysis of several events that an
individual could experience simultaneously. In 1980, the analysis by Aalen et al.
of the interaction between events in an event history introduced the approach into
the field of population sciences.

This approach rests on robust mathematical and statistical foundations, which
permit to establish risk factors and to treat censored observations. They are pre-
sented in statistical books by Kalbfleisch and Prentice (1980), Cox and Oakes
(1984), Andersen et al. (1991), and Aalen et al. (2008). They make it possible to
analyze changes of state, however diverse, and to demonstrate the role of many
individual characteristics that can change over time during such transitions. The

L Induction is not taken in the sense of Mill (1843) and his followers, i.e. generalization from par-
ticular facts. In Bacon’s sense, induction designates the complete research process.
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application of the method in demography (see for example Courgeau and Lelievre
1992) brought fresh progress in that field. Many other social sciences adopted it as
well, including epidemiology, biostatistics, sociology, econometrics, actuarial sci-
ences, and medicine.

The event-history approach eliminates the need for the overly restrictive hy-
potheses of longitudinal analysis while maintaining the individual point of view.
Individuals can be tracked over a part of their entire lifetime, typically by means
of a retrospective or prospective survey. It focuses on the duration between differ-
ent events occurring in a person’s life, and its application requires special surveys.
For example, in 1981 the “triple event history” survey (currently called 3B, see
Courgeau, 1999) allowed the simultaneous analysis of family events, occupational
events, and migration events occurring over a lifetime up to the survey date for
cohorts born between 1911 and 1936. As censored observations can be treated
without problem by this approach, the persons who were always in the labor force
at the time of the survey (four fifths) can be studied for their occupational history
in the same manner than those who were retired (one fifth).

It basically relies on semi-parametric methods, which, while preserving a non-
parametric vision of the duration between events, use parameters to describe the
effects of personal characteristics (Courgeau and Leliévre, 1992).

However, the event-history approach did pose a certain number of problems, to
which we now turn.

The first problem is that of unobserved heterogeneity. How does unobserved
heterogeneity affect the estimation of parameters of observed characteristics? To
help us answer the question, we have an important result obtained by Bretagnole
and Huber-Carol in 1988 but overlooked by some users of these models. The two
authors showed that, in a Cox model, when the omitted characteristics are inde-
pendent of the observed characteristics, the omission has no impact on the sign of
the estimated parameters, reducing only their absolute value. Thus, if the effect of
a characteristic is found to be fully significant, the introduction of unobserved
characteristics will merely strengthen that effect. Conversely, a characteristic that
does not have a significant effect may have one when the omitted characteristics
are introduced. We need to be aware of this risk.

When observed and omitted characteristics are connected, the situation is more
complex. It may be tempting to introduce this heterogeneity as a particular type of
distribution, which Vaupel et al. called frailty in 1979. When we have information
on the distribution, its introduction is entirely legitimate. The problem is that we
typically do not know this distribution, and that it is often chosen for no other val-
id reason than convenience. In such circumstances, some estimates may even
change the sign of certain parameters, as Trussell and Richards showed in 1987,
while a model without frailty avoids this problem.

We therefore totally agree with Aalen et al. (2008), who, in their extensive
studies on stochastic processes, have tried to identify individual frailty:

As long as there is no specific information about the underlying process and observations are
only made once for each individual, there is little hope of identifying what kind of process is
actually driving the development.
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Indeed, for the analysis of non-repetitive events, there is only one model without
observed heterogeneity, but an infinity of models with unobserved heterogeneity.
Their estimates differ, but they display an identical fit with observed data
(Trussell, 1992). By contrast, if we are analyzing repetitive events—such as suc-
cessive births or migrations—we have the option of estimating multilevel models
that allow the introduction of unobserved heterogeneity, which reflects the multi-
ple events experienced by every individual. We shall present these multilevel
models later.

The second problem concerns the concept of probability used. Apart from
Kalbfleisch and Prentice, most of the earlier-mentioned statisticians who devel-
oped the method chose an objective probabilistic approach, which places certain
constraints on the expected results of an analysis. Could an epistemic approach
enable us to lift many of these constraints? We cannot give a full description of
the probabilistic approach here, such as in Courgeau (2012), but we can elaborate
on the constraints linked to statistical inference.

The purpose of statistical inference is to optimize the use of the incomplete in-
formation available in order to take the best decision. Statistical inference will
therefore consist in providing an analysis of a past phenomenon and a prediction
of a similar phenomenon to come. The first point is important for sciences such as
demography or epidemiology, which must analyze human behavior. The second
point is crucial for sciences, such as medicine, or those focusing on public health
which aim to produce the best possible forecast of the outcome of a treatment
course or a decision on the best policy to implement. Statistical inference notably
leads to testing various hypotheses about the phenomena studied.

Objectivist methods, also called frequentist methods, seek to verify whether a
given factor does or does not affect the phenomenon studied, and this brings us to
the notion of statistical test. This means treating the sample under analysis as one
possible selection from an infinity of other samples that we extract from a popula-
tion also assumed to be infinite. When we assign a confidence interval of, say,
95% to a parameter estimated on this sample, we might conclude that the probabil-
ity of the unknown parameter lying in the interval is 0.95. In fact, however, the
objectivists tell us that this conclusion is wrong. All we can state is that if we draw
an infinity of new samples, then the new estimated parameters will lay in that in-
terval 95% of the time. As Jeffreys wrote in 1939, when examining various defini-
tions of objective probability:

The most serious drawback of these definitions, however, is the deliberate omission to give
any meaning to the probability of a hypothesis. All they can do is to set up a hypothesis and
give arbitrary rules for rejecting it in certain circumstances.

That is exactly what happens with statistical tests. Similarly, the use of frequentist
methods for prediction will consist in taking the parameters estimated, for exam-
ple, by means of maximum likelihood and introducing them into the distribution
function of the new observation. But this will not allow us to factor in the uncer-
tainty of the parameter estimation, and will lead to an under-estimation of the var-
iance of the predicted distribution.
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That is why Jeffreys himself showed that if we accept that a probability is nev-
er a frequency—in other words, if we adopt the epistemic framework—then a
95% confidence interval truly means an interval in which the statistician rightly
believes that the unknown parameter may lie with a probability of 0.95. Moreover,
this approach enables us to solve the prediction problem, for which the objective
approach could provide only an approximate solution. All we need to do is calcu-
late the “posterior predictive distribution” of a future observation from the initial-
ly observed data, which are known. What we obtain is not a value, as with the ob-
jectivist method, but a distribution whose variance will now be calculated
correctly.

We have not described in detail all the advantages of using an epistemic meth-
od, but they have led a number of authors to propose it for event-history analysis,
especially when the sample studied is small: see for example the book published
by Ibrahim et al. in 2001. However we will see in 2.3 that another way of making
statistical inference is possible with epistemic probability.

The last problem we would like to address is that of the risk of atomistic fallacy
involved in this approach. If we can draw on all individual characteristics to ex-
plain a behavior, we shall overlook the context in which the behavior occurs. In
fact, when using a cross sectional approach the researcher introduced only the
characteristics of the society to explain social facts. This aggregate approach was
on the contrary under the risk of ecological fallacy, as Robinson (1950) so clearly
demonstrated: he showed that the correlations between two characteristics meas-
ured in binary mode on individuals, or by proportions applied to different geo-
graphic segmentations, generally diverged. We will se later how to solve this dif-
ficulty.

2.2 An approach by event sequences

We can trace the origin of sequence analysis in computer science as used by Le-
venshtein (1966); then in molecular biology for the study of DNA and RNA se-
quences as used by Levitt (1969). It was introduced later in the social sciences,
with the work of the sociologist Abbott (1983, 1984) in order to study social pro-
cesses which occur by whole sequences generally during a long period of time.
However, this approach in social science rests on less robust mathematical and
statistical foundations than event history analysis. Its main object is to describe
whole sequences (ordered list of elements) in terms of types that reflect socially
meaningful trajectories experienced by subjects (individuals or more general enti-
ties like stimuli in psychology or artifacts in archaeology). It follows a two-step
approach. First it tries to compute a distance between sequences under some oper-
ations (insertions / deletions called “indels” or substitutions) with a given cost for
each operation. The main used metric is called Optimal Matching (OM), but we
will see later that many other methods to compute these distances may be used.
Then in a second step, using cluster analysis, it is possible to detect types of se-
quences, regrouping the whole set of subjects into exclusive and mutually exclu-
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sive categories. Cornwell (2015) gives a more detailed description of these meth-
ods. A great number of social sciences adopted it: sociology, demography, psy-
chology, economics, anthropology, political science, linguistics, etc.

The sequence approach permits to turn from the cross-sectional research of
causes in Durkheim’s sense (1895), to an emphasis on contexts, connections and
events which Abbott (1995) called a quiet revolution in social science. The sur-
veys used to track subjects over their life time are very similar to event history
surveys, with an emphasis on the observation of whole processes without censor-
ing. Their goals, however, are very different: while event history analysis seeks
the causes of the studied phenomena, sequential analysis explores the paths fol-
lowed without offering reasons for the underlying processes that generate them
(Robette and Bry, 2012). So that individual characteristics need not to be recorded
for this analysis, out of their event sequences and their characteristics before the
analyzed sequences. For example the 2001 “Event histories and contact circle”
survey made by Leliévre, on a sample of cohorts born between 1930 and 1950,
following the example of the “triple event history” survey but more detailed, per-
mitted to apply sequence analysis to the professional trajectories of mothers and
their daughters in order to compare them (Robette et al. 2012).

Contrary to event history relying mainly on semi-parametric methods, it basi-
cally relies on non-parametric methods which make no assumption about the pro-
cess underlying the life course. Its aim is to explore and describe the course of
events as a whole, without trying to focus on the risk of experiencing events and
their determinants. There are also some recent Bayesian extensions of social se-
guence analysis (Bolano, 2014), through Hidden Markov models similar to biolog-
ical approaches (Liu and Logvinenko, 2003).

However, this analysis poses some new problems, different from those posed
by event-history analysis, to which we now turn.

The first problem lies in the metric used, particularly in the use of OM methods
for social sciences. As we have said this approach was imported from information
theory and molecular biology. For these disciplines the hypotheses lying in their
foundations have been shown to be plausible and of wide applicability: the model
proposed by Levitt (1969) for transfer ribonucleic acid confronted with experi-
mental observations was in good agreement with them and theories about chemi-
cal processes give a strong support to these methods. However in social sciences
the structure of sequences appears to be much more complex. As Wu (2000) said:

Part of my skepticism stems, in part, from my inability to see how the operations defining dis-
tances between trajectories (replacements and indels) correspond, even roughly, to something
recognizably social.

For example giving the same cost to a transition from unemployment to employ-
ment than from employment to unemployment seems highly implausible. This
skepticism was more clearly demonstrated by Bison (2009), while the use of OM
techniques has multiplied. He clearly shows, by means of simulations, that varying
the substitution and indels costs may produce inconsistent results. This may lead
to find regularities even when they do not exist (Bison, 2014).
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In order to solve this problem a number of generalizations of OM method were
proposed: variable substitution costs, different distance measures, spell-adjusted
measures, non-alignment techniques, monothetic divisive algorithm (MDA), etc.
See Cornwell (2015) for more detail on these improvements.

However, while the number of distances and costs measurements increases the
problem of their comparability becomes more and more important. While compar-
isons exist between few different metrics, using empirical data, the only study
comparing a large number of metrics, using a reasoned set of artificial sequences,
was made by Robette and Bry (2012). They did not try to find the best metric but
“rather to unravel the specific patterns to which each alternative is actually more
sensitive”. Even if they found some differences between the results of these met-
rics, “the main patterns they conceal will be uncovered by most of the metrics”.
However the differences exist and the inconsistent results found by Bison let the
problem of the used metric largely unsolved.

The second problem lies in the use of cluster analysis for detecting classes of
sequences. This method of classification was used long before sequence analysis,
as it was already the title and the subject of a book written by a psychologist
(Tryon, 1939) for manual calculation. When computers developed, they permitted
not only an increase in the use of cluster methods but also a development of an in-
creasing number of techniques to detect these groups. Simultaneously a great
number of problems associated with clustering techniques appeared.

A paper by Everitt (1979) developed some of them, which we will present here
shortly. One of the most important criteria for a good cluster solution lies in the
choice of the number of groups that should exist in a given study. Unfortunately
when the classification criterion is plotted against the number of groups, in the
majority of cases, no “sharp step” permits to determine the best number of classes
which remains entirely subjective. Other attempts to solve this problem let it unre-
solved. The assessment of the validity and stability of the clusters found by differ-
ent techniques poses also problems. As there are many reasons leading different
analyses to arrive at different sets of clusters, it is important to show the validity of
such analyses and more importantly the validity of the hypotheses lying behind
them. Unfortunately there are few validity tests of these different approaches, and
fewer tests of their social meaning (Cornwell, 2015). We can cite Byrne and Up-
richard recent comment (2012) on these problems: “Although written in the late
1970s, actually many of the ‘unresolvable problems’ raised in Everitt’s article are
still problems today”.

The emphasis on context, connections and events leads sequence analysis to
abandon regression methods and to consider the research of causes as obsolete.
This leads to a third problem: “could clusters be an artifact of not controlling, say,
for an observed variable?” (Wu, 2000). If the problem of unobserved heterogenei-
ty was important for event history analysis, here even observed heterogeneity
leads to difficulties. While sequence analysis attempts to approach trajectories as a
whole, it is only possible to introduce characteristics measured before the starting
of the analyzed trajectory. Introducing characteristics measured later or time de-
pendent ones will lead to many conceptual issues and these characteristics are very
rarely incorporated. However we will see in the part on synthesis that new at-
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tempts to combine event-history and sequence analysis may permit to solve this
difficulty (Studer et al., 2016; Rossignon et al., 2016).

A fourth problem is linked to the fact that sequence analysis cannot handle cen-
sored observations, contrary to event-history analysis: it views its subject of analy-
sis as a single unit at its completion and can only analyze fully observed trajecto-
ries, leaving aside the partially observed ones. Such a limitation will let aside
incomplete trajectories and will only permit a study of the past. For example, as
the age at retirement was 65 years at the time of the 3B survey, if we want to make
a sequence analysis of professional life history, we could only be able to make it
on people born between 1911 and 1916 only, while the survey covers people born
between 1911 and 1936. Like the previous problem similar authors are trying to
circumvent this difficulty, accentuating the similarity between the analyses of
event duration and event sequences.

Sequence analysis permits to describe the trajectories in terms of types or clas-
ses which are considered to reflect socially meaningful patterns experienced by
subjects. However, the meaning of these patterns appears to be not so clear. First
as one individual is allocated to one and only one type, this leads to a very narrow
classification, while we know that an individual may in fact be allocated to a great
number of groups such as family, business firms or organizations, contact circles,
etc. These groups are real entities while the types given by a sequence analysis
may be questioned. Second what are the grounds to believe in the existence of
such types? Abbott and Tsay (2000) argue that sequence methods “would find this
particular regularity because people in particular friendship networks would turn
up in grouping of similar fertility careers”. Their argument however presumes that
data on friendship networks are available simultaneously with data on the fertility
history of the same people. Unfortunately as far as | know, we have no examples
showing the congruence of cluster results with friendship networks.

More recently a number of authors have similarly argued that network analysis
may be a valuable tool to solve a number of these problems. For example Bison
(2014) proposes to convert individual sequences into network graphs. Even if this
method permits “to bring out career patterns that have never previously been ob-
served”, it has important limitations. As he said, the main one

that creates methodological and philosophical problems is the annulment of individual se-
quences. ... Everything is (con)fused to form a different structure in which the individual tra-
jectories disappear to make space for a ‘mean’ trajectory that describes the transitions be-
tween two temporally contiguous points.

If we want to remain with the fundamental description of sequence analysis given
previously, this point is really confusing. However Cornwell (2015) goes further
and devotes a whole chapter on Network methods for sequence analysis. Even if
some methods used in network analysis may be useful in sequence analysis, it is
important to say how the object of each approach is different. For sequence analy-
sis as we have already said its main object is to understand a life history as a
whole and to identify regularities and structures. For network analysis, as we will
see in 2.4, the main object is to understand the relations between entities (individ-
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uals, or more general levels of collective agency) and to see how changes at each
level drives the evolution at other levels. We will try to find a solution to this
problem in the final synthesis in part 3 of this paper.

We will have to see now how to introduce a more complex approach.

2.3 From a contextual to a multilevel approach

While the two preceding analyses operated at a given aggregation level, contextual
and multilevel analyses introduce the effects of different levels on human behav-
ior. It derived from the hierarchical models used in biometrics and population ge-
netics since the late 1950s (Henderson et al., 1959). Their application and general-
ization to the social sciences came later—in sociology with Mason et al. (1983)
and in education science with Goldstein (1986).

The simplest solution for introducing a contextual dimension is to incorporate
into the same model the individual and aggregate characteristics of the groups in-
volved, as Loriaux showed in 1989. We can now grasp the difference between this
approach, which uses aggregate characteristics to explain an individual behavior,
and the aggregate approach, which explained an aggregate behavior by equally
aggregate characteristics.

We can thus eliminate the risk of ecological fallacy, for the aggregate charac-
teristic will measure a different construct from its equivalent at the individual lev-
el. It no longer acts as a substitute, but as a characteristic of the sub-population
that will influence the behavior of a member of that sub-population. Simultaneous-
ly, we remove the atomistic fallacy, as we take into consideration the context in
which the individual lives. We may ask, however, if the inclusion of the aggregate
characteristics provides an entirely sufficient representation of that context: as we
shall see, it will be necessary to take further steps in a fully multilevel analysis.

In fact, the use of contextual models imposes highly restrictive conditions on
the formulation of the log-odds (logarithm of relative risks) as a function of char-
acteristics. In particular the models assume that the behaviors of individuals within
a group are independent of one another. In practice, the risk incurred by a member
of a given group more likely depends on the risks encountered by the group’s oth-
er members. Overlooking this intra-group dependence generally biases the esti-
mates of the variances of contextual effects, generating excessively narrow confi-
dence intervals. Likewise, these log-odds, for individuals in different groups,
cannot vary freely but have restrictive constraints imposed by the model used (Lo-
riaux, 1989; Courgeau, 2004).

In our view, the solution to this double problem lies in multilevel analysis. It
aims to introduce into a single model different aggregation levels. In addition to
the individual random parameter, multilevel models include random parameters
for the groups at different levels identified in the analysis. The basic assumption is
that these randoms are normally distributed, so that the analysis will focus only on
their variances and covariances, but may introduce individual or group character-
istics at different levels.
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Multilevel analysis no longer focuses on the group, as in the analysis on aggre-
gate data, or on the individual, as in the event-history approach. Instead, it incor-
porates the individual into a broader set of levels. It thus resolves the antagonism
between holism and methodological individualism. As Franck noted in 1995:

Once we have admitted the metaphysical or metadisciplinary concept of hierarchy, it no long-
er makes sense to choose between holism and atomism, and—as regards the social sciences—
between holism and individualism.

Figure 1 summarizes the connections between two levels, depending on wheth-
er we study them separately as in event-history and sequential models, or jointly
as in a multilevel model.

Aggregate-level model
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Source: Courgeau, 2007

Figure 1: Connection between different levels

This approach requires new types of surveys to capture and define the various
levels to examine (Courgeau, 2007). It has been used in education science, demog-
raphy, epidemiology, economics, ecology, and other disciplines to identify a mul-
tilevel structure of society. In particular, multilevel event history permits a synthe-
sis of the two approaches (Courgeau, 2003). They are semi-parametric as before,
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but in some cases they can take non-parametric forms, as in multilevel factor
models (Goldstein, 2003).

It privileges also the use of the Bayesian paradigm in order to deal appropriate-
ly with nested or clustered data (Draper, 2008). However some other models use
the frequentist paradigm. As discussed by Greenland (2000) the multilevel ap-
proach permits to unify these two paradigms, leading to empirical Bayes estima-
tion encompassing the two approaches. About such a convergence the interested
reader may read the recent book by Schweder and Hjort (2016) on statistical infer-
ence for epistemic probability understood as confidence distributions.

In its turn, the new approach encountered certain problems, which we shall
now examine.

The first problem lies in the fact that it frequently uses, as group characteristics,
mean values of each member’s individual characteristics or even variances or co-
variances. In fact there is a need to know more detailed characteristics of the aims
and rules prevailing in a group and how to define them in order to explain a col-
lective action. What are the mechanisms of social influence which permit the
emergence of a collectively owned social capital in different social contexts,
which “is more than the sum of the various kinds of relationship that we entertain”
(Adler and Kwon, 2002)?

The second problem is that “independence among the individuals derives solely
for common group membership” (Wang et al., 2013). In fact, the groups are gen-
erally more complex. For example a family, generally taken as a simple group, is
in fact a more complex one where parents and children play very different and
even conflicting roles. This dissymmetry of roles partly undermines the value of
the family for multilevel analysis, in which we are looking for what unites group
members rather than what divides them. Here again, we should take into account
the interactions between group members and their changes over time in order to
fully incorporate their social structure. This task will require new observation tools
and new analytical methods. We will see in 2.4 how a multilevel network ap-
proach permits to avoid this problem.

The third problem lies on the difficulty to define valid groups and to use exist-
ing geographic or administrative groupings, which have little to do with their in-
habitants’ behaviors. Only the increase of observed existing networks in future
more detailed surveys, such as those included in the Stanford Large Network Data
Set Collection, will permit to avoid these unsatisfactory groupings.

Last, while multilevel analysis enables us to incorporate a number of known
aggregation levels that constitute a society, it continues to focus only on one of
these levels—an event, an individual or a group. So that this “approach assumes
that links between groups are non existent” (Wang et al. 2013). Contrary to this
idea it is important to take the analysis further by trying to identify the interactions
that necessarily exist between the various levels. As Robert Franck wrote in 1995:
“the point now is to determine how the different stages or levels connect, from top
to bottom and from bottom to top”. We must therefore develop a deeper study of
the behaviors specific to each level but, above all, we must to try to connect the
levels together in both directions.
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We will see now how social networks permit to solve a major part of these
problems.

2.4 From a network to a multilevel network approach

While earlier examples exist, research on social networks effectively began with
the work of the sociologists Moreno and Jennings in the 1930’s, particularly with
a paper they wrote in 1938 in which they used the term “network theory’ and pro-
posed statistics of social configurations. However almost up to the 1970’s, if re-
search teams in various social sciences worked on network analysis, no integrated
cumulative effort resulted (Freeman, 2004). During the 1970s and 1980s social
networks take off as a field, under the development of structural models inspired
by White et al. (1976) and Freeman (1989), which examine the interdependent re-
lationships between actors and the similar relationships between the positions of
these actors in the different social networks.

This approach rests on robust mathematical foundations, which are however
very different from the previous ones, as the assumption of independence of ob-
servations on individuals no more holds: network analysis argues that units are no
more acting independently, but influence each other. The use of graph theory and
matrix analysis is important in this field. These methods are described in detail in
the book of the sociologists Wasserman and Faust (1994) as well as in the paper
by the physicist Newman (2003). Many sciences, not only social, adopted this ap-
proach: information science, computer science, management, communication, en-
gineering, economics, psychology, political science, public health, medicine,
physics, sociology, geography, demography, etc.

More recently a multilevel network analysis was developed and permitted to
make the link with multilevel analysis (Lazega and Snijders, 2016). While net-
work theory is generally analyzing one given level, this approach is looking not
only at the networks existing within different levels but also at the links existing
between these levels. It leads to important extensions of existing models represent-
ing social structure, with networks as the dependent variable. A first kind of mod-
els tries to “reveal the interdependencies among the micro-, macro-, and meso-
level networks”, the meso level being here “defined between nodes of two adja-
cent models” (Wang et al., 2013). They generalize graph models for multiple-
networks. A second kind of models “accommodate multiple partially exchangea-
ble networks, as well as treatment effects and other covariate effects on network
structure” (Sweet et al., 2013). They are often called hierarchical network models
and are a generalization of multilevel models. A third kind of models “is to parti-
tion the units at all levels into groups by taking all available information into ac-
count and determining the ties among these groups” (Ziberna, 2014). It is a gener-
alization of classical blockmodeling developed for single relations.

As for the multilevel approach, many of these models use Bayesian estimators,
which have algorithmic advantages particularly for non-nested data structures, and
Markov Chain Monte Carlo (MCMC) algorithms. As for multilevel models they
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use simultaneously the frequentist paradigm and this common use may lead to
more general empirical Bayes estimators (Greenland, 2000).

This approach requires surveys capable of capturing the different networks
simultaneously. For example, the demographic survey on networks of relation-
ships (Courgeau, 1972) captured the family, occupational, friendly, and communi-
ty relationships of individuals living in a rural area. A network analysis of this
survey by Forsé (1979) permitted to construct, from a complete diagram of ac-
guaintance networks, “sociability” groups distinguished by social and demograph-
ic characteristics. Many other examples on more restricted networks include a bi-
omedical research network, an isolated monastery, and so on (White et al., 1976),
or on large scale networks such as those given in the Stanford Large Network Da-
ta Set Collection containing social, citation, collaboration, internet networks, etc.
(see their use in Leskovec et al, 2009).

What new problems will this approach encounter?

A first problem lies in the surveys or on the existing data collections used in
order to get the ties between individuals or between levels. They will never be ex-
haustive and, as many possibilities exist for their limitation, this may lead to im-
portant implications for their study. Very often in surveys, only a limited number
of ties is asked and this number may vary from one survey to the other. There is
also ambiguity about the qualification of these ties: the term “best friends” may
have a different signification than “more frequently met” or ‘more trusted” person.
If a survey may ask for different kind of networks (family, friends, people at work,
etc.), generally an existing data collection, like people on Facebook, will not per-
mit this distinction. Even some persons may report more connections with popu-
lar, attractive or powerful persons than there are in reality.

A second problem lies in the fact that network clusters are generally created by
the researcher rather than pre-existing to him. The way used to create them need
many decisions that are difficult to pose in an entire scientific way. As Ziberna
(2014) said:

In conceptual terms, the main disadvantages are that there are no clear guidelines concerning
what are the appropriate restrictions for ties between levels and what are appropriate weights
for different parts of multi-relational networks, that is for level specific one-mode networks
and for the two-mode networks.

Even if this citation is more linked to his blockmodeling approach, it is also true
for a more general multilevel network approach. In every case decisions must be
made by the researcher how to include or exclude people, merge or divide network
clusters, etc. But this also permits the statistical analysis when these networks are
clearly defined.

A third problem lies in the difficulty to introduce individual or network charac-
teristics in the study of these networks. Only the use of hierarchical network mod-
els permit to introduce them. But, even in this case, there are few data sets which
give measures of covariate effects on network structure (Sweet et al., 2013). These
covariates may be individual, network, tie-specific, or a combination of the three.
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A fourth problem lies in the introduction of time in these studies. Again, very
few surveys permit to observe the changes occurring to networks through time.
Some multi-wave surveys give at different times the structure of a network.
Lazega et al. (2011) used a three wave survey in order to show that the structure of
an organization remains the same regardless of the turnover of the members.
However there is a need of more detailed longitudinal observations at multiple
levels of analysis and of new methods in order to study the organizational mobility
and relational turnover implied by the introduction if time in multilevel networks.

We can conclude this examination of the different problems and challenges en-
countered by network and multilevel network analysis, by the conclusion given by
Lazega and Snijders in their 2016 book:

Among the most difficult (challenges), we find combining network dynamics and multilevel
analysis by providing statistical approaches to how changes at each level of collective agency
drive the evolution of changes at other levels of collective agency. In all these domains, much
remains to be done.

So that we can think that these problems are more a challenge for this approach
than unsolvable ones.
We will now turn to the last approach presented in this paper.

2.5 An approach by agent-based decisions

Individual- or agent-based models? constitute an approach that differs much more
from the previous ones. These models are derived from the analyses of simulation
by the mathematicians Von Neumann and Ulam and the physicist Metropolis
(1949). The economist Schelling (1971) suggested their use to study segregation
processes and in 1972 the ecologists Botkin et al. proposed a computer model in
order to predict the evolution of forest growth. During the 90’s these models
spread to different social sciences, taking often care not to consider each science
separately but on the contrary to view them as a whole incorporating all the vari-
ous social processes—demographic, economic, sociological, political, and so on.
They are now largely used in many domains.

Rather than modeling specific data, this approach models theoretical ideas and
is based on computer simulation. Its aim is to understand how the behavior of bio-
logical, social, or more complex systems arises from the characteristics of the in-
dividuals or more general agents making up these systems. As Billari et al. (2003)
said:

2n general the ecologists prefer to speak of individual-based models, while the social scientists
prefer the term agent-based, but the two denominations recover quite the same approach. We will
use here the denomination of agent-based models usual for the social sciences.
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Different to the approach of experimental economics and other fields of behavioral science
that aim to understand why specific rules are applied by humans, agent-based computational
models pre-suppose rules of behavior and verify whether these micro based rules can explain
macroscopic regularities.

So that this approach is bottom-up, with population-level behavior emerging from
rules of behavior of autonomous individuals. These models are described in a
number of books, as for example Epstein (2007) in social science or Railsback and
Grimm (2012) in ecology. Many other natural and social sciences adopted it, in-
cluding physics, ecology, archaeology, demography, sociology, computer science,
economics, epidemiology, political science, etc.

This agent-based approach eliminates the need of empirical data on personal or
social characteristics in order to explain a phenomenon as it is based on simple
rules of decision followed by individuals, which can explain some real-world phe-
nomenon. As Burch (2003) said:

A model explains some real-world phenomenon if a) the model is appropriate to the real-
world system ..., and b) if the model logically implies the phenomenon, in other words, if the
phenomenon follows logically from the model as specified to fit a particular part of the real
world.

Such a theoretical model cannot be validated in the same way than an empirical
model, as the four previously presented approaches. About this approach Franck
(2002) said: “... one has ceased to credit deduction with the power of explaining
phenomena. Explaining phenomena means discovering principles which are im-
plied by the phenomena.” As it focuses on the mechanisms which drive the action
of individuals or agents, it will simulate the evolution of such a population from
simple rules of behavior. So that it may use game theory, complex system theory,
emergence, evolutionary programming and, in order to introduce randomness,
Monte Carlo methods. It may also use survey data, not in order to explain the
studied phenomenon, but only to verify if the parameters used in the simulation
lead to a similar observed behavior as in the survey. For example Heiland (2003)
used an agent-based model in order to recover the observed distribution of mi-
grants across different West German states and over a period of 9 years (1989-
1997) from an Eastern state (Sachsen). With few theoretical assumptions about the
decision to migrate the simulations indicate that heterogeneity in mobility can ex-
plain the observed decline in migration.

Again these agent-based models raised some new problems.

The first problem is that these models “are intended to represent the import and
impact of individual actions on the macro-level patterns observed in a complex
system” (Courgeau et al., 2016). This implies that an emergent phenomenon at the
aggregate level can be entirely explained by individual behavior. However Hol-
land (2012) said about agent-based models that they include “little provision for
agent conglomerates that provide building blocks and behavior at higher level of
organization”. In fact a study by a multilevel model on the effects of an individual
characteristic (being farmer) and the corresponding aggregate one (the proportion
of farmers living in an area) on the probability of internal migration in Norway
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(Courgeau, 2007) shows that these effects are opposite ones. It seems then diffi-
cult to explain a macro-characteristic acting positively by a micro-characteristic
acting negatively. Indeed, micro-level rules find hardly a link with aggregate-level
rules, and | think that aggregate-level rules cannot be modeled with a micro-
approach, since they transcend the behaviors of the component agents.

A second problem is that this approach is mainly bottom-up. As we have al-
ready previously seen for multilevel network models it is important to consider
simultaneously a top-down process from higher-level properties to lower-level en-
tities. More precisely we will have to speak about a Micro-Macro link which “is
the loop process by which behaviour at the individual level generates higher-level
structures (bottom-up process), which feedback the lower level (top-down), some-
times reinforcing the producing either directly or indirectly” (Conte et al., 2012).
The bottom-up approach of agent-based models is unable to take into account such
a Micro-Macro link.

A third problem lies on the validation of a given agent-based model. Such an
approach is an attempt for imitation of human behavior using some well chosen
generative mechanisms to produce it. It may be judged as successful when it leads
to a correct reproduction of the structural characteristics of this behavior. The way
to ascertain this judgment is however very far from usual tests used to verify the
validity of the effects of different characteristics in the previous approaches. Such
a test which can be made in natural science is less evident in social science. As
Kippers and Lenhard (2005) said:

The essential point is that (often) in the natural sciences one has a general theory about the
objects and simulation models are used as instruments to generate data and to make predic-
tions about the behaviour of these objects. On the other side, agent-based models are instru-
ments to explore the theoretical structure of the data.

In order to see if such an exploration had been successful, we need to consider dif-
ferent aspects. First, how to test that there are no other models able to explain bet-
ter the observed phenomenon? Often the researcher tries different kind of models
in order to permit to choose the one which give the better accord with empirical
data. But this does not solve the problem, as there is an infinity of models which
may predict the same empirical result as well or better. The agent-based approach
gives no way to avoid this problem. Second, how to test that the chosen model
gives a good fit to the observed data? Unfortunately, there are no clearly defined
procedures for testing the fit of the simulation models, like goodness of fit proce-
dures or tests of significance for the previous approaches. We can conclude that
there are no clear verification and validation procedures for agent-based models in
population science.

In consequence we will have to see in the next section how to try to overcome
these problems, as well as those encountered with the four previous approaches.
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3. Towards a synthesis

As we have already presented and criticized five different main approaches used
nowadays in social sciences, we will have now to see if we can give a more syn-
thetic view of them.

Let us first consider the two main concepts without which no population sci-
ence would be possible.

The first one is the creation of an abstract fictious individual, whom we can call
a statistical individual as distinct from an observed individual. As Aristotle (330
BC) said: “individual cases are so infinitely various that no systematic knowledge
of them is possible”, Graunt (1662) was the first to introduce the possibility of a
population science letting aside the observed individual and using statistics on a
few number of characteristics, leading to a statistical individual. As Courgeau
wrote in 2012:

Under this scenario, two observed individuals, with identical characteristics, will certainly
have different chances of experiencing a given event, for they will have an infinity of other
characteristics that can influence the outcome. By contrast, two statistical individuals, seen as
units of a repeated random draw, subjected to the same sampling conditions and possessing
the same characteristics, will have the same probability of experiencing the event.

The essential assumption permitting to use the theory of probability in this case is
that of exchangeability3 (de Finetti, 1937): n trials will be said to be exchangeable
if the joint probability distribution is invariant for all permutations of the n units.
We will use it here for the residuals given the explanatory characteristics meas-
ured on these individuals.

The second concept is the notion of a statistical network, different from the ob-
served ones: it appeared more recently, for example with the work of Coleman in
1958. While observed networks may be as diverse as the infinite kind of ties exist-
ing between observed individuals, statistical networks may be more precisely de-
fined with the use of statistics on ties and the choice of criteria to circumscribe
them. Again the essential assumption permitting the use of the theory of probabil-
ity is that, given the explanatory characteristics introduced at each level, the resid-
uals are assumed to be exchangeable.

It is interesting here to compare these two concepts with the contexts proposed
by Billari (2015) to explain population change: the micro- and the macro-level
contexts. In fact he clearly recognized at the basis of micro-level context the ab-
stract concept of statistical individual, the same that we propose here. However
for macro-level context he only proposes to see how “population patterns re-
emerge from action and interaction of individuals”, without recognizing the ab-
stract concept at the basis of this interaction: the statistical network, which permits
to flesh out this macro-analysis. For example we have already seen how multilevel
analysis permits to reconcile the macro- and micro-level results.

3 In this first paper on this topic de Finetti called it equivalence.
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Once these two main concepts defined, we can see that the study of event dura-
tion and the study of event sequences are directly connected to the same concept
of statistical individual. Even if their approach of this individual is different, as we
have already seen, they can be considered as two complementary ways to study
him. In addition some more recent papers, as those presented in this conference by
Studer et al. (2016) or Rossignon et al. (2016), combines the advantages of the
two approaches modeling “the relationships between time varying covariates and
trajectories specified as processes outcomes that unfold over time”. The definition
given by Courgeau and Lelievre (1997) of event history analysis appears to be al-
so valid for sequence analysis: “Throughout his or her life an individual follows a
complex itinerary, which at a given moment depends on the life course to date and
on the information acquired in the past”. The itinerary is followed event after
event, in the first analysis, and with more complex sequences of events in the sec-
ond one.

Similarly we can see that the contextual, multilevel and network multilevel ap-
proaches are simultaneously connected to the same concept of statistical network.
They appear as complementary in its study. We can say that contextual and multi-
level analysis focuses on attributes while network multilevel analysis focuses on
relations, combining the different levels.

It may also be interesting to see that contextual and multilevel analysis may be
seen as complementary of event history analysis, introducing the effects of net-
work membership on individual behavior. Similarly network multilevel analysis
may also be seen as complementary to sequence analysis. This proximity may ex-
plain why Cornwell (2015) tries to introduce network methods in sequence analy-
sis: however sequence methods remain at the statistical individual level, while
multilevel networks methods introduce statistical networks.

The different problems encountered when using one of these four approaches
may largely disappear when considering simultaneously the statistical individual
and the statistical network under a more general biographical multilevel network
analysis. As we already said such an approach is able to avoid the risks of atomis-
tic or of ecological fallacy through the use of a synthesis of holism and individual-
ism. It may also avoid the problems linked to the choice between Bayesian or fre-
quentist probability through the use of a more general compromise on confidence
distributions (Schweder and Hjort, 2016), which opens to a better statistical infer-
ence. It permits to answer to some problems posed by unobserved heterogeneity,
while introducing networks which permit to have a better understanding of human
behavior. We can also think that a number of problems encountered by sequence
analysis (metric used, cluster analysis and artifacts) may be solved by undertaking
more complex surveys on social networks, which may permit to replace theoreti-
cal clusters by real networks of individuals linked together by existing social forc-
es. Similarly the main problems encountered by multilevel analysis may largely be
solved by multilevel network analysis, such as: the use of a Multilevel Social In-
fluence (MSI) model (Agneessens and Koskinen, 2016) to explain the emergence
of a social capital; the use of Exponential Random Graph Models (ERGM) to
show that within-level network structure are interdependent with network struc-
tures of other levels (Wang et al., 2016); etc. Last we think that the problems re-
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cently posed by multilevel network analysis are more a challenge for future re-
search in this field, than unsolvable problems. For example such an analysis will
reach its full potential when longitudinal observations at multiple levels of analy-
sis will be available, by providing a combination of an event history of networks
with a multilevel analysis (Lazega and Snijders, 2016).

The situation is more complex for agent-based approach. While it apparently
resembles event-history approach in its focus on individual behavior alone, it
seeks however to explain collective behavior with the aid of individual behavior.
This gives it some affinity with the multilevel network approach. The main ques-
tion is: how to generate the macroscopic regularity from the bottom-up, using
simple local rules? The difficulties encountered with such an approach are clearly
described in Conte et al. (2012):

First, how to find out the simple local rules? How to avoid ad hoc and arbitrary explanations?
As already observed?, one criterion has often been used, i.e., choose the conditions that are
sufficient to generate a given effect. However, this leads to a great deal of alternative options,
all of which are to some extent arbitrary.

As we have already shown, in social science we cannot obtain the macro-level pat-
terns by simply aggregating the micro-level outcomes, so that local rules are not
sufficient to explain a complex social behavior. It is then necessary to introduce
theories of decision making to get more valuable models: however the number of
options for modeling decision making is almost infinite (Klabunde and Willekens,
2016). As the choice of a decision theory is driven by the researcher background,
an economist, a demographer, a geographer, a psychologist, etc., may reach quite
different results for the same studied phenomenon.

In our view, further work is needed to go over these contradictions and place
agent-based analysis in a broader setting and a more explicit theory-founded mod-
el.

4 Conclusion

By restricting ourselves to defining a scientific method solely by its methods,
we condemn ourselves to taking a partial view of the core scientific approach. We
need to set up a more robust research program for demography and, more general-
ly, the social sciences—a program that converges with the now well established
program of the physical and biological sciences. The source for this program lies
in Bacon’s work (1620):

There are and can be only two ways of searching into and discovering truth. The one flies
from the senses and particulars to the most general axioms, and from these principles, the
truth of which it takes for settled and immovable, proceeds to judgment and to the discovery

4 See Conte (2009) p. 29.
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of middle axioms. And this way is now in fashion. The other derives from the senses and par-
ticulars, rising by a gradual and unbroken ascent, so that it arrives at the most general axioms
last of all. This is the true way, but as yet untried.

Bacon calls the second approach induction, not in the meaning later given to the
term by the empiricist tradition of Hume and Popper—i.e., the generalization of
observations—but in the sense of the search for the structure of observed phenom-
ena. That is how Galileo, Newton, Graunt, Einstein, Darwin, and others developed
their approach to the study of phenomena—whether physical or social.

It is important for the social sciences to start with the observation and meas-
urement of facts, for this measurement, far from being secondary, makes it possi-
ble to assess the “potentialities” of a social fact (Courgeau, 2013). Next, instead of
relying on often arbitrary hypotheses, like in agent-based models, the modeling of
observed phenomena should follow the method recommended by Bacon by ana-
lyzing the interactions between the networks created by people and seeking their
structure (Franck, 2002; Courgeau et al., 2016).

Even if one can think that each individual has an unlimited and unknowable
number of characteristics with his own freedom of choice, social science has to
see that he is born in a given society with its rules and laws, which restrain his
freedom, that he is submitted to biological laws, which are the same for all hu-
mans. So that a social science can exist which takes into account only a limited
number of characters and which is based on a humber of concepts without which
the properties of these characters would be inconceivable or impossible (Franck,
2002).

A final point: We have often viewed the social sciences here as a whole to
which certain approaches applied and not others. We must now consider that it is
not by erasing the boundaries between disciplines that we can improve our
knowledge (Franck, 1999). The boundaries are real, for each discipline endeavors
to analyze different properties of human societies. However, we think that it is
possible to construct a new formal object that can explain certain properties of
human societies—an object that encompasses existing disciplines and allows their
synthesis.
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Mapping the field of sequence analysis
Philippe Blanchard, University of Warwick

Updated extended summary, 27.05.2016

To those who make history, writing it may seem to be unnecessary. When it comes
to science, some who make it believe they are to advance knowledge, not contem-
plate the story of how they are able to do so. However, this communication is taking
the opposite stance. As other cases of history of science show, scholars at a given
time are prone to see their field as an ideal, global college of individual minds, in-
teracting freely and efficiently, and their field’s story as a linear upward curve. This
view bears the risk of forgetting about multiple factors, some structural, some con-
tingent, heteronomous to intellectual life, that influence research: the endogenous
sociological logic of research communities; personal affinities with topics and tools;
journals’ editorial lines; existing paradigm wars along which one has to align one-
self; the agenda of funding organisations; the availability of data and software; and
the inertia of individual and collective agendas, even if logical reasons would push
to innovation. Naturally, researchers constantly update their knowledge and assess-
ment of other works in the field, contributing to a Darwinian-like selection of best
ideas. But this selection takes place in settings that are constrained technically, eco-
nomically, sociologically, institutionally, politically or ideologically. These settings
have the capacity to make scholars forget how multicausal, and sometimes arbitrary,
the directions they take can be. There is no reason to imagine, as gentle the commu-
nity of sequence analysts may be, that it would escape these contingencies.

Looking back at the progress made collectively since the introduction of sequence
analysis (SA) in the social sciences enables, not only to feel good about the achieve-
ments, but also to: 1. Detect trends and turning points; 2. Spot the factors of meth-
odological change, both internal or external to the intellectual sphere; 3. Understand
why some paths have been taken, and others sealed off; and 4. Encourage alternative
options. This communication aims to observe SA as a research programme (Lakatos
and Musgrave 1970), taking the view of an outsider to the community of sequence
analysts, yet using an insider’s knowledge to decipher it. To this purpose, it finds
inspiration in pioneer theories of how scientific innovation sometimes happens, and
sometimes not: K. Popper’s (1934) assertion of the falsificationist internal logic of
scientific discovery; T. Kuhn’s (1962) more sociological and historical view on the
contingent factors that trigger scientific revolutions; 1. Lakatos and A. Musgrave’s
(1970) position, centred on “research programmes”, intermediate between all-logi-
cal and all-contingent theories; and J.-M. Berthelot’s (1996) demonstration of the
irreducible but fruitful pluralism of social scientific demonstrations.

Here SA is defined as a set of concepts and tools designed (or redesigned from other
disciplines) for the study of series of social events, or states along social trajectories.
This method, or approach, has been specific in several respects: the nodal role of
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A. Abbott, the most cited author in the field, although he played the role of an in-
termediary with other scientific fields as much as the one of a creator (Gauthier,
Buhlmann and Blanchard 2014); the importation and adaptation of core tools from
computer science and genetics; the dependence on the availability of adequate se-
quential data, computing power and software developments; the diversity of geo-
graphic, institutional and disciplinary loci of development; the laborious, still chal-
lenging competition with established longitudinal statistical methods (time series,
duration models, Markov models, timed regression models); and, consequence of
the latter, the fact that core elements of the method have been and are still disputed,
in a constructive manner, although sometimes radically (Abbott and Tsay 2000;
Robette, Bry and Leliévre 2015). These conditions of development came to be met
and articulated with each other only in the 2000s. This, besides strictly internal (in-
tellectual) factors, explains the near-exponential rise of publications from this pe-
riod onward, after a more stagnant time, marked nonetheless by the works of A.
Abbott and his colleagues.

Following a short track of previous literature reviews (Aisenbrey and Fasang 2010;
Blanchard 2011; Cornwell 2015; Lesnard 2006), this communication will be based
on an extensive review of publications making use of SA in the social sciences,
including: empirical applications; methodological and software developments; lit-
erature reviews; introductions and textbooks; comparisons with other approaches to
longitudinal data; as well as critics and alternative propositions. Taking a mapping
approach to the history and sociology of science (Blanchard, Rihoux and Alamos-
Concha 2016), I will apply multivariate data analysis and network analysis to this
corpus in order to reveal trends and events, convergences and divergences, imita-
tions and distinctions, and other aspects of the historical dynamic of innovation in
the field. This will enable to: contrast distinct visions of SA; contrast mainstream
case studies and more marginal ones; trace the evolution of competing data and
methods over time; spot converging and diverging methodological options, schools
and authors.
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Abstract

The paper analyses the daily activities of duaheacouples in Italy. The goal is to discover
how lItalian dual-earner couples organize theirydadtivities (sleep, personal care, work, moving,
housework, free time), during a typical work dagnfr Monday to Friday. The analysis, carried out
on data from the 2008 Italian Census on Time Ule [ast one available), involves all the 873
couples that filled in their diaries on the samg. da

Using the binary index (Bison, 2006, 2011a, 20214,4; Bison, Rettore, Schizzerotto 2010;
Franzosi, Bison 2010), we conduct a ‘multichanaglalyses on the dual-earner couple’s activities
from 7.00 to 22.00.

Quite strong relations with socio-demo-geograptunditions emerge from these analyses.
Hence there is a strong relation of time packaging the time spent on the various activities
according to where couples live with respect tdhlg#ographical area (North, Centre and South &
Islands) and the size of the town (metropolitanrertban 50,000 residents, from 10,000 to 50,000,
fewer than 10,000).

Strong relations also emerge with the level of atioo, the social class and the occupational
sector of Him and Her. Relations with the presesfaghildren are observed mainly at the beginning
and the end of the day. At the same time, the rdiffietime packaging profile of the dual-earner
couple that emerges from the k-means cluster asagems to have a direct effect on His and Her
level of satisfaction.

All the preliminary analyses seem to confirm theadhat dual-earner couples package their
life time mainly in accordance with their jobs. Mower, the analyses show that this time
packaging changes in relation to the kind of jairi@l class) and the occupational sector. Secondly,
the time spent on each activity changes accordintpé level of education of Him and Her, but
there is an additional effect due to the social @auitlral level of the area where they live.

1. Introduction

Since the 1960s and 1970s, the daily use of tinwerhdically changed in industrialized
countries. For instance, the average work timepgeson has declined while the leisure time has
generally increased (Gershuny, 2000); high-skiledkers have progressively worked longer hours
compared to unskilled and low-status ones, invgttire traditional work hours/social class gradient
(Warren 2003; Lesnard et al., 2009); the overatidge gap in non-paid work has being partially
filled — even if to a lesser extent than expect@dréhuny et al., 1988) — as a consequence of the
increase of women’s participation in the labor neariHook 2006; Raley et al., 2012). Factual
changes in daily behaviors follow new gender vallike the diffusion of more ‘career-oriented’
attitudes among women (Hakim, 2003) and the pa&rabe of more conciliatory and intimate
fatherhood (Naldini et al., 2011).

Dual-earner couples experience strong time comssraind need constantly to negotiate their
time use by dealing with the family’s time scardi§araceno, 2012). They may try to be more or
less aligned during the day, according to theipduction’ and ‘consumption’ complementarity
strategy (Mansour et al., 2013). This happens éspemn weekdays, where the combined

1
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exposure of time pressure increases due to the tiroek of each spouse. Thus, the spouses are
required to ‘find time’ to spendith the family as well agor the family and these collective needs
are followed by individual and private ones as welle two individual careers have to coexist with
a third one — that of ‘family life’ — which todayems to be equally important for both the spouses
(Levner, 2000 in Haddock et al., 2006). It is forstreason that the daily work-family balance
becomes a crucial dimension for the quality of $ifeong dual-earner couples.

A dual-earner couple’s daily strategy is obviousbnstrained to the ‘work’ activity, which
represents a totalizing and exclusive time. Regardvorkdays, we may say that free time and
household care — as well as travel/moving, sleepbmrsonal care — must be primarily managed
according to work times by filling the gaps in wiordx schedules. This is why «not only the total
amount of work time but also its scheduling areyvagnificant» in understanding dual-earners’
entire workdays (Lesnard et al., 2009:3). The namkwactivities, in fact, are expected to be
affected by work in terms of both quantity and tigni

According to their work-family strategies and tirenstraints, couples may prefer higher or
lower levels of synchronization in their daily worg schedules. Nock and Kingston (1984) found
that when both the spouses work, the time for famihy be more desynchronized than that of
single-earner couples. This happens because thaiking schedules may not overlap, thus
reducing the time that those spouses could spegether on other joint activities (Nock et al.,
1984). Moreover, it has been argued that a cedagnee of ‘off-scheduling’ would be preferred by
some particular couples, especially those withdehil, and that — although fathers seem to be less
used to altering their hours of labor force pap@étion in favor of childcare (Raley et al., 2012) —
both the spouses might want to reduce the oveffidipedr working schedules in order to maximize
the potential time for childcare (van Klaverenlet2011).

In general, the literature shows that dual-earrmmples that are more desynchronized in
working schedules share household and family dutiese equally, and that this could be a
desirable solution for them (Presser, 1994; Cheral.,e2002; Lesnard, 2008; Naldini et al., 2011).
At the same time, scholars have pointed out thal-earner couples always seem to prefer a certain
level of synchronization in their working schedwewith an increase in the overlap between them
—in order to maximize a shared conjugal leisureet{Hamermesh, 2002; Lesnard, 2008).

Here, the point is that, independently of their hrabesired work-family solution, dual-earner
couples must deal with the rigidity of the time swtaints imposed by working schedules. On the
basis of their ‘time sovereignty’ over their worgirschedules, spouses could better align their
preferences with factual time-use behaviors. Howetlee literature shows that this capability is
strongly related to the overall job commitmentghef spouses, and these are associated with their
individual occupational class and the more gensoalal ladder (Warren, 2003). Thus, basically,
workday schedules and the constraints for the estmlaily activities is not random (Warren,
2003).

Several papers have pointed out the externalitfesuoch a class-related ‘wealth’ of time
among couples (Warren, 2003), analyzing the impé&dlifferent socio-economic conditions on
daily working time. Indeed, the higher the spousastial position, the greater their bargaining
power with employers for the purpose of daily tiered schedules management (Lesnard, 2008;
Warren 2003). However, high-skilled and high-stgtlss are likely to require long work hours
(Gershuny, 2000; Warren, 2003; Lesnard et al., 2OD®us, more freedom in the organization of
the working schedule may be associated with greedek hour's commitments.

Another point concerns education. For instancekm@v that higher-educated people have
more autonomy in determining their work scheduMsofpostel et al, 2010). At the same time,
they are expected to have higher earnings on amettzan lower-educated individuals, and for
wealthy couples we know that they consume moretsgmous leisure time (Hallberg, 2002). On
the other hand, lower-wage workers are more likelywork evening shifts (Hamermesh, 2002) and
some studies have pointed out a negative assatibgbonveen evening working hours and some
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family togetherness moments regularly schedulethatend of the day, such as shared meals,
television watching, or leisure activities (Nock Kingston, 1988; Lesnard, 2008). Finally, being
more educated helps couples to increase the aWligjlalh shared conjugal time.

As said, that of family solidarity and togethernéss non-reducible valuable dimension for
couples’ everyday life (Hamermesh, 2002; Lesnar@P82. Scholars have underlined the
importance of the total amount of time spent jgiritl the same place by the spouses. However,
even during time spent together, significant gerdiferences have been identified, especially in
the configuration of free/leisure time and housdhatk boundaries.

For instance, it has been noticed that even if spewspend free time together in the same
place, the woman is more likely to do unpaid warkutaneously, as a ‘secondary activity’. This
difference in multi-tasking allows men to spendittihesure time in blocks, while that of women is
more likely to be interrupted and reduced by hoakkbare tasks (Bittman et al., 2000; Mattingly
et al., 2003; Kilkely et al., 2010; Naldini et &011). Women’s multi-tasking may undermine their
daily quality of life (Offer et al., 2011) by negatly affecting the free time quantity and contiryui

Moreover, the risk of a free time deprivation foomen increases by the kind of household
care activities. For instance, the contributiomtén to house care occurs mainly for less routine
tasks — i.e. pet care, maintenance of the garagairs, care of adults — while the more routine,
essential and demanding activities — i.e. cookifganing and laundry — still seem to be a women'’s
responsibility (Kan et al., 2011; Moreno-Colom, 3D1

Something similar has been observed for gendeegaton in childcare time. In fact, fathers
do less child care than mothers, even if this gdpwer than in the past (Raley et al., 2012; Cetig
al., 2014). Moreover, fathers tend to leave motha@one in the most stressful, ordinary, and
onerous tasks: they are more likely to provideddate simultaneously with the mother, rather than
alone; and they are generally more likely to beageg in less routine and more desirable tasks
(Budig et al., 2004; Craig, 2006; Raley et al., 201

Finally, women are ‘care managers’ (Naldini et 2011) engaged in the most onerous tasks
in terms of time and energy, while fathers seeffilltthe timetable gaps with the more pleasant and
‘desirable’ ones. The main outcome is that womanipaid work throughout the day is more
constant and repetitive (Wajcman, 2008; Kilkelyalket2010) while that of men is typically sporadic
and delimited in both time spent and variety oksafilkely et al., 2010:245). All these findings
depict a well-recognized and documented scenaithimthe spouses’ daily life there is a ‘leisure
gap’ in favor of men even if their partner worksn «nost industrial countries [...] employed
women work longer hours (paid and unpaid) than eggad men» (Mattingly et al., 2003; Beblo et
al., 2008:281) and the gradual gender convergemddea housework time allocation of recent
decades (Raley et. al, 2012; Craig, 2006; Kilkeyalet 2010) seems to be not enough for the
protection of women'’s free time.

Whether the spouses are spending time togethdregrdre performing more or less similar
activities at a certain point in time, the issuébafing (de)synchronized’ matters. In this senba t
of off-scheduling becomes a crucial concept. Howetie® main problem is how to measure it.

When off-scheduling has been measured by meaimefuse diarie$the main approach has
been to count the slots in which both the spousgs worked or not, obtaining work synchronicity
ratios or percentages. In this way, the (de)syndhadion is seen as the quantity of time in which
both the spouses work. However, nothing is knowsualwhen’ the work schedules are overlapped
and when they are not. This is a crucial limitatfon two main reasons. First, time is socially
structured as well as social rhythms and sociasiramts. Hence, being at work simultaneously at
10 a.m. or 10 p.m. has radically different impamtsa couple’s daily life (Lesnard, 2008). Second,

! We shall not discuss the other older and lessisgeaechniques to measure working time, like thoseurveys in
which two different questions — when did you stanthen did you finish — are posed. We focus on modine use
surveys.
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take the case of a full-time shift perfectly syrartized with a part-time afternoon shift: by
considering only the duration of the overlap, well whnistakenly classify it as a highly
desynchronized working schedule. However, suchskioid'structural desynchronizatiohs- due
simply to differences in duration — should not loenpared with hypothetical others with the same
off-scheduling amount but different organizatiomidg the day (Nock et al., 1984).

Moreover, most of the above scholars have shownmguortant limitation regarding the
mainstream time approach. As suggested by Les2&@bj, if «we know little about how family
time is daily balanced with work time for both spes», this is mainly due to the limits of the
dominant time-budget perspective, «an individugligtpproach and a simplification of time»
(Lesnard 2005:2). In fact, scholars have underegéichthe importance of daily scheduling, while
paying more attention to total amounts of time (lagdg, 2008). They have traditionally acquired
time budget information related to different daglgtivities, but these should be seen in a holistic
perspective that makes it possible to study theletaidays as a whole, avoiding the manipulation
of time as if it were clay.

According to Hallberg (2002), «while the traditidriBme allocation model typically studies
the total time spent in, e.g., market work, ovefag or a week, it provides little or no insightant
the temporal pattern of time-use and thereforeemi@lly, misses a vital part of the mechanisms
underlying empirical observations» (Hallberg, 2@)20n the other hand, if schedules are studied
as sequences (Lesnard, 2004), new insights couldrgemon the interdependence and the
synchronization within different daily activitiesteduled by both the spouses. A sequence analysis
of time-use would point out the routine aspecthsf taily life, as well as the couplgsioject$
performed to perceive their strategies across abwdmily constraints and unexpected events
(Hagerstrand, 1982; Hellgren, 2014). Finally, tmalgsis of the time-use temporal patterns seems
more relevant — instead of time budgets — in tlielysof the daily strategies and behaviors of a
couple (Hallberg, 2002).

Lesnard’'s works pave the way to the solution olséhdistortions by considering working
schedules as sequencflsesnard, 2004), overcoming the time budget fraor&is limits and
measuring (de)synchronizations in an integratedhtifyetiming perspective (Lesnard 2004, 2005,
2008; Lesnard et al. 2009). Unfortunately, and desinis fundamental contribution, the entire
complexity of daily schedules have been basicafjuced to working schedules. Thus, the crucial
dimension of the spouses’ daily (de)synchronizatmtime — i.e. their combination of activities at
each point-in-time — has been studied only forlogk activity. For instance, we do not know how
leisure and household activities interact withwaking schedules during the whole day by filling
the out-of-work time of the spouses. For theseviigts, we have only information on different time
budgets.

The point is that we are not able to loddwese different out-of-work activities in the diféat
parts of the day and we don’'t know how the différactivities of the day are combined by the
spouses at each point-in-time. Somehow, by corieglenultiple activities simultaneously, the
problem of being able to recognize structural debyonizations and those that are not is crucial
(Nock et al., 1984). In a sensee might say that the same gendered time budgeingapuse care
could be more or less impactful between two difier@uples, according to His and Her structure
of the day in terms of both duration and sequereetivities.

Finally, in current research on couples’ daily wdaknily balance strategies, there are several
shortcomings in the implementation of a holistipiach of time integrity. Garcia et al. (2016)
underline that:a) not many studies have adopted a real couple-mvetoach (Lesnard, 2008;

2 The wordprojectis a key concept in the ‘time-geography’ perspegtiounded by Torsten Hagerstrand (1970). This

concept «was meant to tie together into a wholéhalle ‘cuts’ in evolving situations that an aatarst secure in order

to reach a goal» (Hagerstrand, 1982: 324)

3 Even among the more recent and important timesuseeys, the provision of information about bota fartners is a

rare feature — i.e. the American Time Use SurveJU8) does provide it. In this regard, the ltaliam®y ‘Uso del
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Craig et al., 2011 in Garcia et al., 2016)few others have focused on how working schedules a
related to multiple daily activities (Wight et a2Q08; Lesnard, 2008; Garcia et al., 2016). We add
thatc) only Lesnard has studied working schedules frosequence analysis perspective (Lesnard
2004). Moreover, to our knowledga) no one has considered the entire complex of dailiities

of Him and Her as a unique sequence, neither aitdavidual nor at a couples’ level.

Thus, in order to understand the complexity of wiamily balance strategies, it is necessary
to study the couple’s daily time-use pattern ashalevand in a more holistic way. In what follows,
we aim to contribute to overcoming these limitatiowith a new viewpoint based on a
‘multichannel’ sequence analysis. We believe thaiv ruseful evidence may emerge from old
questions if we start to consider couples’ work-fgrstrategies as an overall temporal pattern of
combinations of multiple activities. And the fiistto wondering: how to measure it?

2. Order as distance

“All things whatever stand to each other in somiatien of time.
Every phenomenon, when considered in connectioh waity other,
must be cognized either as occurring before iheisg simultaneous
with it, or as occurring after it. But all objeat§thought, and, among
others, relations of time, admit of being compaget] their likeness or
unlikeness recognized. The time-relation of evethst occur
simultaneously, is manifest different from the tineéation that occur
one after the other. Two sequences are alike ifas@s they are
sequences, and each of them is unlike a coexisteteree, if there are
time-relations so completely alike as to be indiishable, they may
properly be called equal.” (Spencer 1855, p.119).

One of the main problems of current techniques usedompute the distances among
sequences derives from the way in which similabigween two sequences is defined. Abbott&
Forrest (1986), Elzinga (2003) and Dijskra (199@)ea that two sequences are equal when they
comprise the same elements in the same order. @tsey agree, although they take different
approaches to the problem, that two sequences axemally different when they have no elements
in common (as regards order and type of elemelms)ther words, imagine that four women are
being observed for a period of length 2, and thia¢ttver or not they give birth to a child in each
time interval is recorded, thus obtaining the falilog four different sequences: A {0,0}; B {0,1};

C {1,0} and D {1,1}. With the methods proposed, tllistances between sequences BC and AD are
greater than the distances between the sequenceS8@GEPB and DC. In fact, A and D do not have
elements in common; nor do — in the same ordeaRdC.

But what is meant by ‘maximally dissimilar'? Whilstis evident that if two sequences share
the same number of elements in the same orderateynaximally similar, it is less clear what
‘maximally dissimilar’ signifies. In other wordss the number of shared elements the only possible
way in which we can establish the distance betvwwersequences?

In the above example, woman A had no fertility égeduring the observation period; woman
B had a fertility event immediately before the doson of the observation period; woman C had a
fertility event at the beginning of the observateriod; and woman D had two fertility events, one
at the beginning and one at the end of the observaeriod. It is clear that in this case is diffiic
to say that the women B and C are maximally distaoth had just one child, the only difference
being that they did so at different moments of dbservation period, while it is reasonable to
believe that the distance between A and D is maxim@ihe problem therefore resides in the
importance given to the temporal order of the ewettieir numerousness, and the presence of
shared elements when the distance is calculated.

Tempo’ (ISTAT, 2011) gathers such information, whis essential for understanding both how spousesdinate
their family time and whether men and women diffetheir time-use patterns.

5
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The principal focus of the above-cited studiehes search by means of pair wise comparison
for common elements, but this may not be only they wo establish distances (similarities or
differences) between sequences. If the sequeneesr@dered according to the number of observed
events and, all of observed events being equabrder is established along the temporal axis in
which the events have occurred, then woman B, wdmb frer fertility event immediately before
conclusion of the observation, follows (is logigatloser to) woman A, who had no fertility event
during the observation periddyoman C follows A and B in that she also had amyg child, but
did so before B, and obviously before A. Finallgyrees, woman D, who had two fertility events
and is therefore more distant from the woman witbrdit have any, but also from those who had
only one. Hence, on considering numerousness amdiitter of occurrence of the events, one
obtains a unilinear structure with the order A,B®@f the four sequences. The similarity between
sequences and their proximity thus results fromditeer in which the events occur, not from the
common elements. The order itself exhibits thatetleee more elements there are in common, the
closer the two sequences, without requiring corapdid and not always clear measures to compute
the weights and contributions for comparison. Thabfgm is therefore how to find a simple and
rapid way to compute this order.

3.0 A first definition of lexicographic index

We can define a generic sequence as a list of dpistates observed in a particular time
interval. Ideally, but also graphically, this lidévelops along a single dimension, that of time. Fo
instance, suppose that one is observing labor makeicipation by subject A for six months.
Assume that at any particular time subject A camitékonly one of the followings three states: 1=
employed; 2 = unemployed; 3= inactive. At the efithe six months of observation, sequence A is
[123321]. Graphically, this sequence is a listle# episodes experienced by the subject in a one-
dimensional space. At the beginning of the obs@matA spends the first month in employment
and in the second month is unemployed. At the értdeosecond month, s/he exits the labor market
and only returns in the fifth month to seek a jBmally, in the sixth month s/he is once again
employed. Now, the question is: can we reduce limomial sequence to a one-dimensional list of
different episodes linked in time? The answer is Indeed, a multinomial sequence cannot be
represented by any list at all. A multinomial sageeedoes not exist as such; rather, it results from
the co-action of the states of which it is compogedultinomial sequence is a point in the space-
time defined by the states space. The problem sdw\ to represent a multinomial sequence.

It said above that every state has its own gemgratiechanism, which operates independently
of the others. In geometric terms this signifieattbach individual state defines an axis ajf-a
dimensional space, whetgis the size of the state space, i.e. the set lokegadefined in the state
space that the generic sequence can assume. Hach iéx turn represents the state space of the se
of all the possible orders in which a state carubata sequence of lengthPut otherwise: a space
will have as many dimensions, each orthogonal éoothers, as there are states definegl ifaken
individually, each dimension of this space will regent the set of all the possible realization& wit
which every state may occur in a binary sequendengjtht.

Now suppose that it is possible to attribute a @atuall the elementary sequences observed so
that they can be arranged along their axis. Suppdse that it is possible to draw as many
orthogonal straight lines as there are axes stpftom each point defined by each elementary
sequence making up the multinomial sequence. The jospace defined by the intersection of all
these straight lines will be the multinomial seqeeerA multinomial sequence is therefore a point in
theg-dimensional space of the states, and its coorelrate the values of the individual elementary
sequences of which it is composed.

4 Although this is not to say that in the followingnt immediately observed, period also A will haveertility event.
6
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In this way, three things are obtained. The fissthiat a multinomial sequence consisting of
manifold states is reduced to a single point ircep@he second is that the multinomial sequence is
no longer a series of realizations along a one-dgiomal line in which the different mechanisms
that have produced it are con-fused in a wholeh&atach individual state, each individual event,
is free to define the form and the length of thdividual lines, which in turn are free to interweav
with each other to form the complicated plot oftery which has a logical narrative. Finally, and
perhaps most interestingly, the distance betweembwitinomial sequences is the distance between
two points in a Euclidean space. It will be onlgegsary to decide what method one wants to adopt
for calculating the distance.

Moving from a multinomial sequence to its elemepgquences is straightforward. Just as a
qualitative variable ok modality can be represented kydummy variables, so a multinomial
sequence ofj-states can be represented dpinary sequences. For example, the sequence A =
[123321] can be represented into the followingetsequences A= [100001]; A =[010010]; A=
[001100].

Still to be defined is a method to calculate therdmates, and therefore a method to attribute
univocal values to the elementary sequences. Tkieseetion provides a possible solution.

3.1 The lexicographic index

The index now introduced derives from the exampleghie previous section. The goal is
instead to attribute a univocal value to each diffié binary sequence of lengthThe intention is
also for the index in question to have the propsertf triangularity, symmetry and positivity proper
to a distance; and even more importantly for itatce account of time; that is, of the different way
in which a state can come about in time within maby sequence. For these various purposes, we
must impose an order of all the possible binaryusages of length t. However, the problem is
deciding what order to impose.

Take, for instance, the following binary sequerelative to labor market participation by A =
[0101] in a period of four months. This sequenaegius two items of information. The first is that
A was employed for two months. The second is thata& employed at the tintg and at the time
t4. A binary sequence, therefore, responds to twiindisways of observing time. The first concerns
the quantity of time and answers the question ‘lhong’. The second concerns the moments in
which the states are realized and answers theignésthen’, ‘at what time’. This twofold nature
of the binary sequence forms the basis of thergpdider introduced here.

The index is based on the sorting order of thesedifferent modes of observing time. The
first order is given by the quantity of time andhgrefore based on the number of times that gtate
is observed in the sequence. The second ordeves githe quantity of observed time being equal —
by the ‘moment’ or ‘moments’ in the sequence whiates) occurs. This second sorting order is
also based on a twofold order. The first is theersg order in which the events occur in time. usth
puts first the events that occurred last and then dvents that occurred first. This solution is
adopted in light of the discussion in Section Bwill be recalled that woman B with sequence [0,1]
followed woman A with sequence [0,0]. The two sewas were considered to be closer to each
other than the others because B’s fertility eveotuored immediately before the end of the
observation period, with it being hypothesised tAatvould have had her own fertility event
immediately after conclusion of the observatione Hecond order is a direct consequence of the
first. The events that occur last will vary morevely in the order than those that occurred first.

Because the nature of the sorting order is dowdisr the proposed index consists of two
distinct parts. The first part, ranging from 0 ahdtakes account of the different amount of
time/realization recorded in each sequence arsd it i
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d'(x;) = % foru>0and0 for u = 0. 1)

The second part, ranging from 0 and 1, which tekesount of the different numbers of
combinations displayed by the sequences with vanah the amount of time. Calculation of this
part is slightly more elaborate.

Tab.3.1State space of the sequences length T deteat by the lexicographic indé€x;) and (d;") of lexicographic
index >,.

i tl 2 13 4| d) )
1 0 0 0 0 0 0.0000
2 0 0 0 1 0.25 0.2000
3 0 0 1 0 0.25 0.4000
4 0 1 0 0 0.25 0.6000
5 1 0 0 0 0.25 0.8000
6 0 0 1 1 0.50 0.1429
7 0 1 0 1 0.50 0.2857
8 1 0 0 1 0.50 0.4286
9 0 1 1 0 0.50 0.5714
10 1 0 1 0 0.50 0.7143
11 1 1 0 0 0.50 0.8571
12 0 1 1 1 0.75 0.2000
13 1 0 1 1 0.75 0.4000
14 1 1 0 1 0.75 0.6000
15 1 1 1 0 0.75 0.8000
16 1 1 1 1 1.00 0.0000

Suppose that there is a binary sequexceontaining the observations of T time periods.
Observatiorx; can assume only two modalities represented byitimebers 0-1. These modalities

we shall call absence/presence. Consider the pas&ich exactlyu realizations equal to 1 occur.
There are obviously several sequences that hawe ctmaracteristic. For example (Table 1.)
sequences from 6 to 11 have 2.

The problem now is to allocate to each sequep@number(x;") representing its position,

normalized between 0 and 1, in the sorting orderth®f sequences. An example will aid
understanding of the computational procedure. B@fsthe possible binary sequengesf length

T=4 are exactly 216, and they are represented in Table 1.

Consider, for simplicity, only the; = (5) = (;) = 6 sequences far = 2, which are denoted

in Table 1 by the numbers from 6 to 11. Followihg thronological order, the first and second
realization (the 1s) of the sequence are callezhds,. We calculate for every realizatianof the
sequence; three values,{Ay, By, C\}, where:

Ay is the exact position of, in the sequence. For instance, in the sequenf® §, A; = 3,
and fors;: Az = 4; in the sequence 18; A1 =1, A, = 3,53: Az = 4;

Bk is the maximum position that, can occupy within the sequence. For example, Her t
sequences 6, 7, 8, can occupy at most position t3 because positida ttcupied bys,,
so thatB; = 3, while for sequences 9 and B),= 2, because, how occupies position t3.
Finally, for sequence 1B; = 1. Fors; in all six sequences consideréd,= 4;

Cx is the minimum positios;, that can occupy. In this case, for all six seqasrmnsidered
C.=1 andCz =2.

At this point, the calculation of the second pdrany binary sequence of lengthfor any

number of realizations, will be:
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The (d;') part of the lexicographical index is one plus difeerence between the set of all the
possible realizations of a given value wiminus the difference between the set of the ptessib
realizations for the maximum positidis;,) reach ofu minus the summation of the difference
between the set of all the possible realizations,ofaking account of the upper and lower limits
within which s; can occur and the position in whish is observed divided by the binomial
coefficient of all the sequences that can be redlfor a given value af, normalize from 0 to 1.

The decision to normaliz&d;)) is taken because the number of sequences vartbstive
value ofu. Thus, independently of the value of the distance between the first and the last
sequence defined with the samwill be at most 1.

The solution thus is a measure of distance to atexinformed by a couple of
distances/coordinates on a Cartesian space (Graphwhered'(x;) concerns the quantity of time
andd'’ (x;) concerns the moments (the timing) in which théestare realized.

The similarity/distance between two sequengegsx;)is the Euclidean distance between a
couple of lexicographic indicesp3.

Q
7' (xi, %) = Z(d’(i) —d'(N* + (@"() —d"(H)? G
q=1

0111 1011 1101 1110
T 0011 0101 1001 0110 1010 1100

0001 0010 0100 1000

Fig.3.1. Plot of a binary sequence of length 4 ediog to the lexicographic index coordinates.

3.2 From_binary to multinomial sequences

The next step is to pass from a binary sequeneentaltinomial sequence: that is, the case in
which there are more than two states (for examplaployed’, ‘unemployed’, ‘never worked’,
etc.). In the above paragraph we have underlinetjtist as a qualitative variable lomodality can
be represented yxdummy variables, so a multinomial sequence-efates can be represented by
g binary sequences with values 0-1. So which elemgiit) = 1 if the i" unit assumes the™q
modality in the instant,x,;(t) = 0 otherwise. It is possible to apply both the legi@phical

9
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indices to each of these sequences and computedigtance measurey(x;) or the
coordinate/distance numberg{(x;); dg (x;)}. The multinomial sequencg is therefore described

by a vector to real numbers. The distance fundtietveen two multinomial sequenoqsandxj- is
the Euclidean distance between their transformatiapsand rj- Formally the coordinate/distance
lexicographic index (5) the distance is:

Q
D)= |Y (@0 - () + (2@ - dg ()’ @

q=1

3.3 Some considerations on the index

We shall conclude this second part of the artigibiefly discussing the index just presented.
Firstly, the index is a measure defireegriori, independently of the sequences observed. Hence, i
is not comparison between the sequences that defieé distance; instead, their distance is given
by definition in an independent system of measurgniéhe index has a known beginning and end;
each point of the measure is univocal and idestiiee and only one combination of states in
sequence. Two sequences which differ in the positibonly one element will have different
positions. Two sequences with the same numberatizations in the same order will share exactly
the same point in the index. None of the informationtained in the sequences is lost. From every
point one can retrace the exact sequence thatrbdaeged it.

A second characteristic of the index concernsitput. With current methods, the output is a
symmetrical matrix of distances. This matrix canused only in statistical procedures based on
matrixes of distance, like hierarchical clustersl anultidimensional scaling. The output of the
lexicographical index is a cases by variables foymédiere the cases are the sequences, and the
variables are the lexicographical indexes of tla¢estthat make up a sequence. Each value of the
index, in fact, can be conceived as a coordinatthénspace of the multinomial sequence. This
characteristic enables the researcher to adomrediff methods to calculate the distance, but also t
define forms of space other than Euclidean. Moreotle index can also be used with other
statistical analysis programs, like the k-meantelusr the fuzzy k-means cluster. In this case, the
matter is not only technical but also substantiWéhen applying a hierarchical cluster, one
implicitly assumes that the phenomenon studiedrgamized into successive specializations. But
this is only one of the possible ways in which &@dmenon may structure itself; the hierarchical
model is only one of the possible ways in whiclelationship model can be structured.

4. The data, their organization and the codinghef activities’

Analyses were conducted on 873 dual-earner coupéesy-out on data of the Italian Census
on Time Use 2008/09 (the last disposable). The go&ab discover how the Italian dual-earner
couples organize their daily activities (sleep,speal care, work, moving, housework, free time),
during a typical work day from Monday to Friday.

From Him and Her time-use diaries were consideheddual-earner activities from 7.00 to
22.00. Each daily activity is observed every 10uten and the data files for the sequence analysis
consisted of two pair sequences, one for Him aredfonHer, with a total of 90 points in time.

5 Given the metric nature of the two lexicographicglices, the Euclidean distance is only one ofpthesible ways of
define the distance between two sequences. Itssilple to adopt both different measures of Euchddiatance that to
define other geometric spaces different from thatlilean.
5 Excluded from the sample were: (a) couples whindiwith other couples (parents or others); (b)ptes that fill the
questionnaire in different days, or fill the questiaire in the week-end; (c) couples with incongleformation by
one or both the spouses; and, (d) age of him ogsaer than 65 year old.

10
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Each couples of row of this file corresponded tocahabitation, while each variable
corresponded to 10 minutes of observation and ealttof the row/column intersection states the
activities of the man and the woman at time

In order to simplify the analysis, the paper coasgd 6 different groups of activity: (a) sleep;
(b) personal care, i.bave a shower etc., eat (breakfast, lunch, dinfeynvork; (d) moving (any
kind); (e) house care, i.e. housework, childrerecagpair, etc.; (f) free time and other activities
with or without others.

Once having defined the six daily macro-activitidse next step was establishing how to
codify the day activities of the man and the worimathe couple. In this case, His activities and Her
activities interact in time to give rise to the pteis daily activities. Taken individually, each of
these two sequences takes the form of a seriesutfatty exclusive episodes. The problem is
therefore how to codify two interacting sequencesgosed of a plurality of mutually exclusive
events. All the solutions proposed to date (Abk®R0b, Dijkscra 1995, Elzinga 2003, Gauthier et
al. 2010) have been based on the generation ofgembinations: that is, on the construction of a
single sequence that combines the states of HinHand

Fig. 4.1. WSS, log(WSS)2, and PRE for all twenty cluster solutions onlhecographic index for the sequences
from 07 to 22.
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This operation has a number of consequences. yrirad Abbott pointed out, using
combinations of events requires one to pay «... theepof losing all information about the
temporal ‘shape’ of events — their duration andrtimensity in terms of producing occurrence — in
short their time horizon. (Abbott 1990b: 146)». @edly, there is the risk that distinct time-use
patterns will be tied together, although the omferausality may be bi-directional.

There are various reasons to believe that the diyitees of Him and Her cannot be reduced
to a simple combination of states. Internally, nove¥, each sequence consists of states which
themselves are regulated by their own mechanisnichvdperate differently in defining the timing
and duration of each individual episode/state. Bay wf example: consider the mechanisms that
underlie the regulation of the states of housewamk free time. In the former case, it is the

11
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educational level, for instance, that regulatestithe spent in these two activities; in the lateerd
there is an interaction between gender and eduncatievel.

It is therefore possible to hypothesize that thgusaces of Him and Her — and the states of
which they are composed — have their own underlgigerative mechanisms which establish the
timing and duration of episodes. These generatigehanisms work independently of each other
and interact in time: they stand in a coexisterglationship. The couple’s daily activities are
therefore the result of a complex process of caadietween two sequences, that of Him and that
of Her, regulated by different generative mechasisesulting from the co-action between different
generative mechanisms underlying each state. Coasdy, reducing everything to a combination
of events is to lose large part of the variabilitigerent in each singteme use sequence.

Couple’s daily activities, or more correctly theupte sequences analyzed here, are therefore
configured by co-action by two multinomial sequencemposed of mutually exclusive episodes.
On extending the applications proposed (Bison, 202011b) of the lexicographical index “>b2",
12 binary sequences can be defined, six for Hiestand six for Her states, of equal length t = 90,
that is, to the overall number of point of obseiwat The couple sequence is defined as a pointin a
24-dimension space whose coordinates are the 12rybisequences defining the respective
sequences of Him and of Her. The distance betwwencbuple sequences will be given by the
Euclidean distance between the two points of tteseguences in the 24-dimension space.

These 24 variable/coordinates defined for all the 8ouples were analyzed using a simple k-
means cluster algorithm to find clusters of simitauple sequences. From the analyses it was
decided to adopt a seven-cluster solution for itisé &nalysis (Fig.4.1).

These clusters has been analyzed both as deperatiities in order to verify which features
were most expressive of the individual patterns aobsequently as independent variables to
estimate the effect on His/Her satisfaction ofetiand daily activities. For all these analyses we
have used information relative to the educationalificatiorf, job (sector, class position, full-
time/part-time), area of residericdimension of towtf, age, the presence of children.

5. From 7.00 to 22.00: a typical working day ofuwatearner couple in Italy

It is not news that the everyday life of a dualresrcouple is complex. It involves a long and
difficult schedule of: waking up, having a showbregakfast, taking the car-bus-train, going to
work, beginning work, lunch, resuming work, comimack home, then housework and family/child
care for Her, relaxation for Him, dinner, and at #nd of the day, before they go to sleep, some
leisure activity.

Data from the ltalian Time Use survey demonstrhg this is the typical daily routine of a
dual-earner couple. The time plot of activitiedigtire 5.1 does not show a clear difference in the
behaviors of Him and Her or differences among cesipin the morning, at 7.00, 75.0% of couples
are involved in personal care, are at work, or gamwork. From 8:00 to 12:00 all the couples are
at work. After that, they have a break for the htiroe. From 1.30pm to 5.00pm they are again at
work. Finally at home, they engage in housework faee-time activities, and then the day is ended.

Until noon the couple’s everyday lives are perfesynchronized. He and She show some
differences in the afternoon, where fewer womem tineen are at work. The women seem to use

" It can be easily shown that information is not losaltered with this coding scheme. Moreover, thecedure does
not require the researcher to perform complicatedhinational operations and make arbitrary codimgjaes.
8 Educational qualifications were classified as:danpulsory (elementary school certificate (inchglho educational
qualifications), lower-secondary school certificéitecluding 2-to-3 year vocational certificatesh) Upper-secondary
school diploma (including post-secondary diplomasy (c) degree (including postgraduate qualifioe).
9 The areas were (a) North; (b) Centre (c) Southislagds.
% The town dimension were classified as: (a) Metlitgnm (b) more than 50.000 people; (c) from 10.066050.000
people; and, (d) less than 10.000 people

12
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this time not spent on the job mainly for houseeq@ousework, child care, etc.). This is not a new
finding, and it is due to the unequal distributiohhouse care activities between genders in the
couple.

Regarding to the total average, time spent on itiglesactivities by men and woman during
the day (Tab. 5.1), He and She devote more ortlesssame amount of time to personal care (i.e.
showering, eating, etc.) and travel (any kind).f@&nces are observed in the time spent on work,
house care, and free time. The men spend an avef&&ours and 6 minutes on work, 1:06 on
house care, and 2:02 on free time. The women sp&@on work, 3:37 on house care (more than
three times that spent by men), and only 1:22 ea fime.

Then, on the one hand, the couple’s daytime aigsvdre synchronized with a common social
rhythm; on the other, there are differences betwaen and women in the time spent on some
specific activities. The questions that arise & following. How do He and She organize their
lives and how do they synchronize their daily datigg? Do all dual-earner couples follow exactly
the same pattern or are there different pattennspgatterns? And if different patterns exist, are
they due to internal and individual bargaining begw him and her, are they the result of some
external constraints, or are they a combinatiobodh?

Fig.5.1. Tempograms: Daytime activities on total &y gender.

Total - Man - Woman Total - Man - Woman

Sleep Personal care

Total - Man - Woman Total - Man - Woman

Work Move

Total — Man — Woman Total — Man — Woman

House/child/family care Free time

Given the evidence that job activities and work etiplay a central role in daily time
organization, one wonders whether the dual-earagtirde is similar both within the couple,

13
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between Him and Her, and among couples, or whdtrene are different patterns of daytime
activities within and among dual-earner couplese Hypotheses that derive from this are the
following:

(a) Among couples, job activities and working tilveve an effect not only at the beginning of
the day but also on the organization of large péithe daytime. We expect to find an effect on
lunchtime, on free time, and on evening activities;

(b) Within dual-earner couples we expect to obsexvdifferent timing and packaging of
daytime activities according to the different jobacacteristics of Him and Her. Moreover, we
expect to observe that the different distributioh lmuse care not only depends on the
educational/cultural level of Him and Her (mainty ¢onfigure a different timing at the beginning
and end of the day) but is also strictly conneatéiti the different worktime and work schedules
(working hours, hour of starting and finishing wpdf Him and Her;

(c) Social rhythms and social constraints have féecteboth among and within dual-earner
couples. We expect to find that the timing of apels activities varies according to the social and
the cultural context in which it lives.

To falsify these hypotheses, we start by obsertiegentire daytime of dual-earner couples
from 7.00 to 22.00.

The results of the k-means cluster analysis cawigdon the lexicographic index >b2 show
that a seven cluster solution (Fig.4.1) is accdptéiut not optimal).

Considering each cluster in detail, however, we cheerve some systematic differences
among clusters. Moreover, these differences seededoribe clear and reckonable patterns in the
day organization of both individuals and couplasaly, the strong relations with social-cultural-
demographic features support the idea that thebavimrs and patterns are the results of two
factors: one is the internal organization of eadupte conditioned by the social-cultural-
economical characteristics of the two partners; #mel other is the external social rhythms
constraint.

There follow brief biographical sketches for eatister.

Fig.5.2. Daily activities of men and women: stackedcent.
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The dual-earner couples dtuster 1 wake up very early in the morning (Fig.5.3, Tal2)5At
7:00am both are awake (Tab.5.1). Both work forrgltime: He for 8 hours and 32 minutes, and
She for 7 hours and 28 minutes. Both spend moredha hour and a half on travel/moving. Their
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lunch breaks begin at different times (Tab.5.3):Ham at 13:20, for Her at 13:30. Both have very
little free time. However, between the two, She leas free time, only 49 minutes in the entire day,
compared to His 1:42 hours.

The sequence index plot shows that these couplesdraunequal behavior in the division of
housework. He spends no more than one hour a ddyoose care; moreover, He does not do
anything in the evening. She not only spends miae three hours a day on house care, but this
activity is mainly carried out in the evening whda is relaxing.

These dual-earner couples live mainly in metrdpoliareas or in medium-sized towns (10-
50,000 residents) in the Centre of Italy (Tab. 5%)ey have one or more children aged between O
and 14 years old. Both are in the middle class)llithe only difference being that He works in
private services and She in industry (Tab. 5.6 &.5.

Tab.5.1. Mean (in hours/minutes) of the times sperfich activity by the clusters. (F. Test)

Sleep Personal Care Work House Care Moving FreeTi
Clu.num M w M w M w M W M W M w N.
1 0:01 0:00 2:02 150 832 7:28 108 315 1:35 1:38 1:42 0:49 133
2 0:04 0:03 1:50 149 726 6:30 151 351 1:23 1:18 2:27 1:28 158
3 0:03 0:38 2:09 201 838 6:07 050 335 1:18 1:17 2:02 1:23 99
4 1:04 044 2:02 158 7:27 6:09 1:10 327 1:17 1:19 2:00 1:24 108
5 0:51 0:02 2:10 153 7:46 658 105 325 1:14 1:24 155 1:18 129
6 0:08 0:08 2:08 151 845 6:07 030 359 124 178 2:05 1:37 179
7 0:14 0:11 2:.06 2:01 7:58 6:16 1:13 3:30 1:42 1:26 147 1:36 67
Total 0:19 0:13 2:03 1:54 806 6:32 1:.06 337 1:24 1:23 2:02 1:22 873
F 31.5%*  42.5% 3.6 1.6 12.9% 8.6 18.9% 2.8%  31%  39% 438 9%

Sign: (*) p.<0.05; (**) p.<0.01

Both are very dissatisfied with the time availafide the partner, children, and relaxation
(Tab. 5.7). He is much stressed, highly dissatisfigth daily life and with the time that he has for
himself. Finally, both have many difficulties incanciling daily tasks with the opening hours of
office, shops, and leisure center.

The dual-earner couples duster 2, like those in the previous cluster 1, wake upy\early
in the morning. At 7:00 am both are awake; 37.1%neh are at work or are about to reach the
workplace. She starts work slightly later than ety 24.7% of women are at work or going to
work at 7:00 am.

Compared with the other couples, the couplesimdluster spend less time on personal care
(1 hour and 50 minutes on average) and on work? Heurs and 26 minutes, and She 6 hours and
30 minutes. Work activities are undertaken mainlyhie morning. Both devote a great deal of time
to house care.

Tab.5.2. What does He and She do at 7:00am. Aeswibnducted from 7.00am to 7:10am by gender hrstet.

Sleep Personal Care Work House Care Moving FreeTi

Clu.num M W M W M W M W M W M W N.

1 0.8 0.0 526 519 18.1 6.8 7.5 30.1 20.3 10.5 0.80.8 133
2 1.3 0.6 43.7 449 26.6 15.8 15.8 29.1 9.5 8.9 3.20.6 158
3 1.0 909 626 4.0 16.2 1.0 3.0 30 16.2 1.0 1000 99
4 87.0 917 5.6 3.7 5.6 2.8 0.9 1.9 0.9 0.0 0.0 0.0 108
5 81.4 0.8 4.7 53.5 10.9 10.9 0.8 27.1 1.6 7.0 0.80.8 129
6 1.7 2.2 50.8 43.6 22.9 13.4 45 29.6 16.8 106 4 3. 0.6 179
7 9.0 224 418 50.8 17.9 4.5 6.0 14.9 19.4 6.0 6.01.5 67
Total 24.3 24.1 38.0 37.7 17.8 9.1 6.0 21.7 119 0 7. 21 0.6 873

Among the men, He is the one that devotes most tinmuse care (1 hour and 51 minutes),
while among women, She is the one that devotes timstto house care (3 hours and 51 minutes).
Lunchtime for Him is between 12:30 and 13:30, wtde Her it is at either 13:10 or at 14:10.
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Dinner is for both at 20:10. After dinner both sgaheir time on relaxing and leisure activities.
Moreover, among men, He is the one that has mssiréeactivities (2:27).

Tab.5.3. What does He and She do at 22:00. Aa#/itonducted from 21.50pm to 22.00pm by gendechster.

Sleep Personal Care Work House Care Moving Free Ti

Clunum M W M W M W M W M W M W N.

1 3.8 0.8 9.0 9.0 15 3.0 135 617 0.8 00 714 625 133
2 4.4 8.2 8.2 10.8 3.8 3.8 0.0 1.9 25 0.0 810 375. 158
3 5.1 0.0 121 141 3.0 5.1 3.0 232 3.0 40 73.7355 99
4 0.0 0.0 9.3 56 139 10.2 74 306 2.8 28 66.70.95 108
5 0.0 5.4 9.3 9.3 140 5.4 47 233 0.8 0.8 713 855 129
6 8.4 117 8.9 8.9 0.0 1.7 6.7 0.0 0.6 0.6 754 177. 179
7 9.0 9.0 53.7 38.8 11.9 11.9 16.4 25.4 7.5 45 1.%0.5 67
Total 4.4 55 127 118 6.0 5.0 6.6 215 2.1 1.4 .368 54.8 873

These couples live mainly in large towns (over B0,@esidents) in center and northern Italy.
They have children. He and She belong to the mididiss (llla) or the working class (VI+Vllab),
and they both work in the public sector.

Tab.5.4. When do He and She eat? Lunch and dirmerdy gender and cluster

Lunch Dinner
cs7 men women men women Freq.

1 13:20 13:30 20:10 20:08 128
2 13:27 13:33 20:00 19:53 151
3 13:08 13:21 19:58 20:03 91
4 13:26 13:34 20:20 20:10 97
5 13:22 13:39 20:14 19:57 119
6 13:03 13:30 19:51 19:47 169
7 13:24 13:36 20:43 20:21 61
Total 13:18 13:32 20:07 20:00 816
F 4,15 1.22 12.81* 10.04*

Sign: (*) p.<0.05; (**) p.<0.01

He is quite satisfied with the time for himself anih daily life. He is slightly more satisfied
than Her with the time available for the partndridren, and relaxation. It is mainly She that has
difficulties in reconciling daily tasks with officepening hours; while neither of them has particula
difficulties in reconciling daily tasks with the eping hours of leisure centers and shops.

In cluster 3, He wakes up before She. At 7:00 in the morningg®2of men are having a
shower and/or breakfast, and another 32.4% arewt ov about to reach the workplace. She wakes
up on average 38 minutes after Him. Both spend ntiare, compared to the overall mean, on
personal care during the day. Lunchtime for Himati43:27; for Her it is at 13:33. Dinner for Him
is at 20:00 while for Her it is at 19:53.

In this dual-earner couple a first main differemomcerns work time. He spends 8 hours and
38 minutes on average at work. By contrast, Shedspenly 6 hours and 7 minutes. Moreover,
compared with the other women, she is the onedpahds less time at work. The second main
difference concerns the time that He and She deoteuse care. He is occupied for only 50
minutes a day in this activity; She 3 hours andn@butes at day. The third main difference
concerns free time in terms of duration and monfehen) they relax. On average, He has 2 hours
and 2 minutes of free time, while She has only drtemd 23 minutes. For Him, free time starts at
21:00 while for Her it starts later. In these cagplat 22:00 only 53.5% of women are in leisure
activities against the 73.7% of men.

These couples reside in medium-sized towns in eanttand central Italy. They have no
children or have children aged over 14. Both ateepreneurs, professionals or managers (I+Il). He
works in industry or the private services sectdre #orks in the public service sector.
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Tab.5.5. Cluster distribution by geographic areanicipality size, children, couple’s educationaldg and couple’s
social class. (row percentage)

Clusters
1 2 3 4 5 6 7

Geographical areaf=22.8; Pr=0.03)

North 13.6 19.1 117 121 149 229 56
Center 19.0184 129 151 112 173 6.2
South and Islands 1586.0 9.5 108 17.2 18.1 129
Municipalities ?=33.6 Pr=0.01)
Metropolitan 17.716.6 11.6 127 204 138 7.2
over 50.000 residents 14.24.7 11.2 159 112 147 8.2
10.000-50.000 residents 18.83.7 12.8 109 156 213 7.1
lower than 10.000 residents 12.28.3 10.3 11.3 129 27.0 8.0
Children §?=23.5 Pr=0.02)
No child 114 144 138 19.2 138 16.8 1038
Children 0-14 17.2190 9.6 110 163 192 7.8
Children 14+ 14519.0 126 104 13.0 249 5.6
Couple school degrea®17.5 Pr=0.13)
University 148 143 9.8 176 148 19.7 9.0
Secondary 159210 11.8 10.2 145 183 83
Compulsory 148175 121 105 152 245 55
Couple Social Class{=35.3Pr = 0.01)
1+I1 15.7 114 146 150 139 221 7.1
llla 16.9 23.2 94 102 163 169 7.2
IVabc 104 148 104 165 13.0 226 122
VI+Vlilab 13.8 216 103 86 138 259 6.0
Total 152 18.1 113 124 148 205 7.7

Tab.5.6. Cluster distribution by education levekial class and sector of man and woman. (row péages)
Cluster
1 2 3 4 5 6 7

Man school degreg?=18.6 Pr = 0.10)

University 143 16.8 9.9 193 168 16.2 6.8
Secondary 15.1 215 120 11.0 139 17.7 8.8
Compulsory 15.716.0 114 106 147 246 7.1
Woman school degre®?=12.8 Pr = 0.38)
University 158 16.3 7.6 16.3 14.7 20.7 8.7
Secondary 16.1 19.2 13.0 12.2 136 175 85
Compulsory 14.0179 116 105 16.1 236 6.3
Man social clasgx?=44.2 Pr = 0.00)
1+11 15.0 11.3 13.8 146 150 225 7.9
llla 19.8 241 82 116 151 147 6.5
IVabc 13.2 11.2 112 171 158 204 11.2
VI+Vllab 125 233 121 8.0 13.7 241 6.4
Woman social clagx?=33.5 Pr = 0.02)
1+11 17.0 9.4 160 189 94 179 113
llla 18.0 19.7 11.1 11.3 149 189 6.2
IVabc 93 161 85 17.0 144 254 93
VI+Vllab 11.6 20.2 11.1 8.6 17.7 227 8.1
Man sectorx?=53.7 Pr = 0.00)
Industry 14.0 19.6 12.2 8.0 116 27.4 7.1
Private services 16.711.8 12.8 16.7 183 159 7.9
Public services 14.628.7 6.4 11.7 135 170 8.2
Woman secto(x?=44.6 Pr = 0.00)
Industry 17.7 188 9.7 3.8 183 258 59
Private services 16.1144 13.1 18.1 136 16.1 8.6
Public services 12.422.8 10.0 10.0 141 231 7.6
Total 15.2 18.1 11.3 12.4 148 20.5 7.7
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Tab.5.7. ANOVA: mean score, F.test and probahdftthe level of satisfaction, level of stress, idifties in
reconciling daily tasks, according to husband aifd by cluster types.
Cluster
1 2 3 4 5 6 7 Mean F.test Pr.

Satisfied with the time for:

He: Yourself 163 185 184 186 1.63 1.89 216.81 3.16** 0.005
She; Yourself 154 156 176 1.72 152 170 16863 1.35 0.234
He: Partner 162 197 1.87 181 174 191 20884 2.48** 0.022

She: Partner 1.74 182 181 192 174 186 2184 1.39 0.217
He: Children 154 2,05 181 180 1.68 1.69 2.03.77 4.23*** 0.000
She Children 1.73 2.07 2.05 2.08 193 2.06 23000 2.94** 0.008
He: Parent 205 185 199 182 191 1.68 1.7986 2.02* 0.061
She: Parent 1.88 1.70 2.00 1.86 1.87 1.76 1.7883 0.98 0.435
He: Job 249 262 251 246 258 244 25252 2.14* 0.046

She: Job 261 253 261 256 253 270 26260 1.77* 0.100
He: Friends, social relations 151 193 1.78 153661194 180 1.75 4.65** 0.000
She: Friends, social relations 162 170 176 1.8Tr/6 174 1.70 173 0.51 0.799
He: Leisure, hobby 1.42 155 157 137 148 14%01.147 1.08 0.371
She: Leisure, hobby 147 142 148 159 148 14331147 061 0.726

He: Relax 165 200 191 200 175 1.60 2.10.81 4.86** 0.000

She: Relax 151 161 207 175 1.67 1.79 1.5L71 4.16** 0.000
Are you stressed?

He 227 209 217 219 212 224 201217 148 0.182

She 235 232 229 224 232 262 23238 3.97** 0.001

Difficulty to reconciling daily tasks with:
He: Work time of partner
She: Work time of partner
He: Children school hours
She: Children school hours

229 216 226 231 222432 227 229 125 0.280
234 216 217 220 22104 224 219 155 0.160
239 216 239 238 19732 222 226 1.80* 0.097
240 2.09 220 1.97 2221 200 217 1.90* 0.079
He: Office opening hours 269 224 234 239 22352224 241 4.08*** 0.001
She:Office opening hours 245 224 217 226 244 2221 228 1.78* 0.100
He: Leisure center opening hours 253 195 22382R.07 226 230 220 4.36** 0.000
She: Leisure center opening hours 231 190 1987 22.18 1.81 2.09 2.03 4.34** 0.000
He: Shops opening hours 234 186 217 213 2.081 2213 218 5.15** 0.000
She: Shops opening hours 233 195 198 2.05 2180 11.98 202 4.47** 0.000
Satisfied of daily life:
He 274 287 280 301 277 271 3.08.82 6.22** 0.000

She 2.82 2.89 290 294 282 275 2.8285 1.88* 0.082
Satisfaction for labor division with the
partner regarding:

He: House care 320 3.17 3.18 3.27 3.17 3.33 3.BR22 1.38 0.219
She: House care 258 270 2.68 2.68 259 240 2.8%9 2.21* 0.041
He: Children care 3.15 3.22 3.18 3.23 3.35 3.1713.8.23 2.14* 0.047
She: Children care 3.02 3.12 295 3.07 2.94 3.0%22.3.02 0.89 0.499

Legend: (*) p<0.1; (**); p<0.05; p<0.01

Both are only slightly more satisfied than coupfesluster 1 with the time that they have for
the partner and children. She is very satisfied wite amount of time for relaxation: She records
the highest value among women. Moreover, She doesignal particular difficulties in reconciling
daily tasks with the opening hours of shops ansutei centers. By contrast, He seems to suffer
more than She does. He is rather stressed andenpsatisfied with daily life. He states that he ha
more problems in reconciling daily tasks with theening hours of offices, shops and leisure
centers.

The dual-earner couples chuster 4 are characterized by a quite synchronized ancedla
day. Both wake up one hour after the majority ofnhers of other couples. 87.0% of men and
91.7% of women in this cluster are asleep at 7LiKe the couples in cluster 2, those in cluster 4
spend a relatively short amount of time at work: Haours and 27 minutes, She 6 hours and 9
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minutes. Both have lunch at the same time (He @2613he at 13:24). In the evening, She has
dinner slightly earlier (20:10) than He (20:20).

Fig.5.3. Sequence index plot and stacked areaoptbe seven clusters.
Cluster 1

Cluster 1

§

§ 8 8 % § 8§ %

mSleep  Pers_care WWork WMoving MHouse_care M Free_time

Cluster 2

mSleep  Pers_care WWork ®Moving WHouse_care M Free_time

Cluster 3

§
5
3
g
H

§ 8 8 % § 8 %

mSleep ~ Pers_care WWork WMoving MHouse_care M Free_time

N couples=93

Regarding the time for house care, neither isebiglly distributed. He devotes slightly more
time than the overall mean of men to this actiyityhour and 10 minutes). She devotes slightly less
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time than the overall mean of women to this acgti(® hours and 27 minutes). In the evening, after
21:00, 66.7% of men and 50.9% of women are in teisgtivities.

Fig.5.3. Sequence index plot and stacked areaoptbe seven clusters.
Cluster 4

Cluster 4

§ ¢ 0§88 3§ % %8 §

§
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Cluster 5

Cluster 5
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N.couples=129

Cluster 6

§

mSleep ~ Pers_care WWork WMoving MHouse_care M Free_time

N.couples=179

These couples live mainly in large towns of centrally. They do not have children. Both
partners have a university degree, are entreprenprofessionals, managers (I+11) or are members
of the petty bourgeoisie (Vlab) and work in thevpte service sector.

20



LACOSA TII, LAUSANNE, JUNE 8-10, 2016 55

He is very satisfied with daily life and with thenaunt of time that he has for relaxation. Both
have some difficulties in reconciling daily taskdttwthe opening hours of offices, shops, and
leisure centers.

Fig.5.3. Sequence index plot and stacked areaptbe seven clusters.
Cluster 7

In cluster 5, She wakes up earlier than Him: on average, 5Qtmnbefore He does. She
starts work earlier (8:00) than Him (9:00). Amongmen, the women in this cluster are those who
work longer (6 hours and 58 minutes). Conversélg,men in this cluster work less than the overall
mean of men (7 hours and 46 minutes).

He spends more time than She does on personalZhmirs and 10 minutes compared with
1 hour and 50 minutes. He has lunch at 13:22 amdafii3:39. Moreover, in the evening He has
dinner at 20:14 and She at 19:57.

These couples record one of the most unequal tistelditions of house care between men
and women: He devotes 1 hour and 5 minutes to hoaise while She devotes 3 hours and 25
minutes. Moreover, these couples are those thabiexhe lowest amounts of time for leisure. In
total, He has only 1 hour and 55 minutes of fregetiwhile She has only 1 hour and 18 minutes.
They seem to have free time only in the eveningerAdinner, 71.3% of men and 55.8% of women
relax.

These couples reside in the metropolitan areasatyfd North and South and Islands. They
have one or more children aged between 0 and 14s Blenember of the petty bourgeoisie (IVab)
while She is a member of the working class (VI+¥Y)lar middle class (llla). He works in the
private service sector and She in industry.

Both are very dissatisfied with the time availalde the partner, children, and relaxation.
Both have difficulties in reconciling daily taskstivthe opening hours of offices, shops, and leisur
centers. Finally, He is very unsatisfied with thmoaint of time that he has for himself and in
general with daily life.

Both members of the dual-earner coupledlster 6 wakes up earlier in the morning. Half of
the men are at work or are about to reach the viackpwhile one third of women are involved in
house care.

Like the men in cluster 3 also the men in clustepénd a long time at work: 8 hours and 45
minutes. Also the women in this cluster are simitathose in cluster 3: in fact, these women spend
an average of 6 hours and 7 minutes at work. Liimehfor Him is 13:03, while for She it is
around 13:30, but there is no clear time: probahlg eats when she can. For both, dinner is at
19.50.
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As regards house care, the unequal distributioiintg between genders is maximum in this
cluster. He spends only 30 minutes a day on hoarse while She spends 3 hours and 59 minutes.

These couples reside in small towns (fewer thafQresidents) in North Italy. They have
children aged over 14. Both have a low level ofcadion (compulsory), and both are members of
the working class (VI+Vllab) or petty bourgeoisi&/gb). Men work in industry, while women
work in both industry and the public service sector

They are very dissatisfied with the time availafde the partner, children, and relaxation.
Both have many difficulties in reconciling dailysteg with the opening hours of offices, shops, and
leisure centers. Moreover, He is very unhappy abdwmiamount of time that he has for himself and
with daily life in general.

The last clusterthe seventh, comprises dual-earner couples who are awakeOft dnd
having breakfast. 41.8% of the men are having hastkand another 37.3% are at work or are
about to reach the workplace. For the women i thister, 50.8% are having breakfast, 14.9% are
cleaning the house, and another 22.4% are stidepsl|

He works an average of 7 hours and 58 minutes;v&itks an average of 6 hours and 16
minutes. For both, their jobs are concentrated ipamnthe morning. Only forty percent of women
and fifty percent of man work in the afternoon.

The distinctive characteristics of these dual-eacoeples are the following: (a) free time for
both in the afternoon; (b) a constant proportionnoén and women engaged in house care
throughout the day; (c) a fragmented packaging abivities; (d) She shows one of the largest
amounts of free time among women (1:36), while ag bne of the smallest amounts among men
(1:47).

Another characteristic of these couples is thentinof lunch and dinner, which both eat very
late. He has lunch at 13:24 and She at 13:36; wieldas dinner at 20:43 and She at 20:21.

These couples reside in large towns of Italy’'s Bautd Islands. They do not have children.
They have a medium/high level of education (teytiar secondary). He is a member of the petty
bourgeoisie (IVab), and She is a member of the demisie (entrepreneurs, professionals, and
managers). She is employed in the private seréc®ms

These couples show the highest level of satisfaatiith the time available for the partner,
children, and relaxation. They record the lowestlef difficulties in reconciling daily tasks with
the opening hours of offices, shops, and leisurgets. He is very happy with the amount of time
for himself, and he is not stressed.

At the end of this part of the paper, it is eviddrat the sequences analysis of time use diaries
provides a quite clear and meaningful represemtaifdhe main patterns of daytime organization of
Italian dual-earner couples. In the next paragraphdeeply enter on generative mechanism that
acts on give shape and relevance at each pattedh imndefining different forms of
(de)synchronization.

6. (De)synchronization. The dual-earner strategéesombine work and couple's life

We have now outlined the seven patterns of duadezatouples’ daily time organization. The
foregoing discussion has singled out the diffefenins of daily activities’ organization and their
specific combinations among the spouses. It has Ineticed that the distribution of activities
across the day, the timing with which they areiedrout, and the amount of time devoted to each
activity systematically varies both between différgoatterns and within spouses of the same
pattern. Finally, it seems clear that dual-earoeiptes perform same common daily strategy.

Hence, the spouses’ daily life seems to developh wibcially shared, recognized, and
identifiable patterns of combined time use. Thisight raises two further questions. The first is
how these patterns result from a complex procesadafptation to both work-social-family
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constraints and individual needs. The second qurestbncerns how the daily times are combined
by the spouses, and how their performed combinataoe random instead of being regulated by
common generative mechanisms.

Tab.6.1. Multinomial logistic regression on the eelusters by age of woman, geographic area, peesef children,
sector, level of education and social class oftla@ and woman. (Weight parameter)

Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7
B B B a(B) B a(B) B a(B) B a(B) B a(B)

Age

Woman 0.08***0.031 0.03 0.030 0.04 0.029 0.03 0.030 0.04 0.028 0.05* 0.030
Area

North*

Center -0.20 0.365-0.60 0.408 -0.08  0.405-1.08*** 0.412 -0.23 0.424 -0.30 0.532
South & Island -0.37 0.373-0.33 0.392 0.07 0.388 -0.18 0.360 -0.29 0.352 0.89** 0.424
Children

No child®

Children 0-14 -0.43 0.4551.40*** 0.462 -1.28*** 0.436 -0.41 0.448 -1.04** 0.454 -0.80 0.510
Children 14+ -0.95%0.589 -1.54*** 0.594 -1.60*** 0.581 -1.00* 0.607 -1.13** 0.542 -1.92*** 0.701
He sector

Industry

Priv. services -0.55 0.3730.09 0.394 0.15 0.405 0.24 0.377 -0.11 0.384 -0.34 0.446
Public services 0.43 0.4350.76 0.524 0.26 0.554 -0.11 0.468 0.07 0.481 0.01 0.602
She sector

Industry

Priv. services 0.30 0.4050.41 0.452 151**0.529 0.01 0.423 0.16 0.418 0.48 0.532
Public services 0.776.430 1.02** 0.486 1.15** 0.600 0.52 0.446 1.07**0.469 0.99* 0.580
He school degree

University”

Secondary -0.30 0.437-0.33 0.590 -0.68 0.493 -0.49 0.454 0.42 0.481 0.40 0.728
Compulsory -1.16**0.551 -0.27 0.637 -0.35 0.581 -0.50 0.534 0.24 0.564 0.22 0.834
She school degree

University’

Secondary 0.07 0.396 1.02* 0.579 0.00 0.480 0.02 0.429 -0.21 0.431 -0.26 0.632
Compulsory 0.09 0.528 1.25** 0.646 -0.08 0.564 0.10 0.549 -0.86* 0.532 -0.27 0.851
He social class

I+

Ia 0.36 0.426 -0.84* 0.508 -0.65 0.458 -0.13 0.414 -0.92** 0.418 -0.54 0.547
IVabc 0.54 0.571 -0.13 0.572 0.29 0.530 0.33 0.570 0.02 0.504 0.70 0.579
VI+Vilab 1.23** 0.481 -0.36 0.503 -0.55 0.530 -0.06 0.500 0.38 0.451 0.10 0.565
She social class

[+

Ila 0.73 0.584 -0.89* 0.496 -0.56 0.516 0.01 0.566 -0.05 0.490 -0.82 0.538
IVabc 1.52**(0.758 -0.62 0.716 0.00 0.673 0.47 0.771 1.41*0.648 0.22 0.734
VI+Vllab 1.73** 0.695 -0.38 0.608 0.19 0.644 090 0.676 1.57**0.630 0.64 0.733
Constant -4.05*%1.444 -0.56 1.433 -1.14 1.447 -0.59 1.421 -1.13 1.276 -2.52* 1.557

Legend: (+) reference category; (*) p<0.1; (**) p8®; (***) p<0.01
Reference cluster (1)
Pseudo R2 = 0.09

In this regard, our hypothesis is that these timepatterns result from the complex co-action
of individual, family and social factors whose cdndiion defines the relevance and the shape of
patterns. The time balance within His and Her &otis, as well as its configuration across the day,
is not random; rather, it changes according to ipieliatent factors. The first of these factors is
work and its schedules, and therefore mainly tpe tyf job and the economic sector (Hamermesh,
2002; Warren, 2003; Lesnard, 2008). The seconHeisspouses’ and family’s socio-demographic
features — like the age of the spouses, the presefrahildren, and the geographic area of residence
The third is the cultural level of the cohabitationterms of both the educational level of the
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spouses and the level of predisposition towarditagan gender attitudes (Hakim, 2003; Olah et.
al, 2014). We maintain that all these dimensiongrdoute to defining the patterns of couples’ daily
activities.

Tab.6.2. Predicted probability of the multinomiagistic regression on the seven clusters. Prolpakiiange over the
value of age of woman, geographic area, presenchilofren, sector, level of education and sociasslof the man and
woman at mean of the others parameters. (Weighinpester)

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7

Age Woman
30 24.5 9.4 11.4 115 16.4 21.1 5.7
40 17.2 14.9 11.4 12.2 15.0 22.4 6.9
50 115 22.2 10.7 12.2 12.9 22.5 8.0
60 7.2 31.4 9.5 115 105 21.2 8.6
Area
North* 14.9 15.6 12.6 10.9 17.9 22.5 5.5
Center 20.5 17.6 9.5 13.8 8.3 24.6 5.6
South & Island 16.3 11.7 9.9 12.8 16.3 18.4 14.6
Children
No child® 8.3 121 16.9 17.4 11.7 25.1 8.5
Children 0-14 18.3 17.3 9.1 10.6 17.0 19.4 8.4
Children 14+ 24.6 13.9 10.7 10.3 12.8 24.0 3.7
He sector
Industry 16.2 174 12.3 10.5 13.2 22.5 7.8
Priv. services 17.2 10.6 14.2 13.0 17.8 21.4 5.9
Public services 15.3 25.2 5.4 12.8 11.2 22.8 7.4
She sector
Industry 24.0 15.0 9.7 5.9 18.1 21.3 5.9
Priv. services 17.4 14.6 10.6 19.2 13.2 18.2 6.8
Public services 114 15.4 12.9 8.9 14.4 29.6 7.5
He school degree
University” 13.6 23.1 11.8 15.0 18.1 14.0 4.4
Secondary 15.9 19.9 9.9 8.8 12.9 24.8 7.8
Compulsory 18.2 9.7 12.0 141 14.6 23.9 7.4
She school degree
University’ 16.0 13.8 4.5 12.0 135 32.0 8.2
Secondary 15.8 14.6 12.2 11.8 13.7 25.7 6.3
Compulsory 17.3 16.3 16.8 12.0 16.2 14.6 6.8
He social class
I+11* 15.9 8.2 15.4 15.8 14.2 23.8 6.7
llla 23.3 17.2 9.7 12.0 18.3 13.8 5.7
IVabc 13.0 11.6 111 17.2 16.2 19.9 111
VI+Vllab 13.3 23.5 9.0 7.7 11.2 29.1 6.2
She social class
I+ 18.1 6.2 23.1 16.8 12.0 14.2 9.6
llla 22.7 16.0 11.9 12.0 15.2 16.9 5.3
IVabc 11.0 17.1 7.6 10.2 11.7 35.2 7.3
VI+Vllab 8.8 16.9 7.7 9.9 14.4 334 8.9
At Mean 16.7 15.4 114 12.2 14.9 22.5 7.0

We have already pointed out the limitations oheetibudget approach to the study of couples’
daily time-use strategies. At the same time, weddhat the sequence analysis approach has been
underestimated in the literature (Lesnard, 200zour knowledge, no efforts have been made to
study the daily scheduling of multiple activitiesrh a holistic and integrated perspective. In other
words, we do not know how different daily activitiare integrated into a single schedule and how
spouses combine their activities each other. Ifwaat to study daily work-family strategies, we
need to preserve the integrity of the whole proeesbsthe interaction of different activities among
the spouses. Indeed, from a time-integrity perspecthe study of the differences among couples’
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time-use organization requires the ability to obasehe activities’ combination of Him and Her for
each point-in-time and simultaneously.

In order to investigate the complex process of tadegm to both work-social-family
constraints and individual needs of dual-earneptas daily time organization we performed two
separate analyses on the seven time-use pattenesfir§t analysis used a multinomial logistic
regression model to verify if these patterns resufirom working-social-familial and individual
constraints (Tab.6.1 & 6.2). The second consisfea graphic representation of the change in the
combination of His and Her modal state/activityidgrthe entire day, at each point-in-time (10-
minute intervals).

For this graphic analysis, we considered all thg@&sible combinations of activities (six for
each spouse). For each cluster and for each poiniae, the most frequent activities combination
was identified. On this criterion, only 16 of ahet possible combinations was found to be
frequently performed by the couples, suggestingedam routine by couples in everyday life
(Hagerstrand, 1982; Hellgren, 2014). The graphg.6Fl — Fig.6.7) depicted the sequence of
activities’ combination for each cluster of dual& couples across the entire day (07.00-22.00).

A jointly reading of the modal multichannel sequergraphs and the multinomial logistic
regression parameters quite clearly shows whatrerdde)synchronization strategies adopted by
couples and what may be the hidden generative mésha (Hallberg, 2002).

In particular, three different forms of time-usg@anization are highlighted by the graphs. The
first is characterized by a genesginchronizationof the different spouses’ activities during the
days. We recall that some scholars suggest (Hansérni2002; Lesnard, 2008) that this solution is
expected to be the one preferred by dual-earneplesuHowever, the synchronization of the
spouses’ activities may be considered as one ahtis complex forms of time organization, since
it requires the alignment of social-work-individu#hes and constraints at a couple-level. Thus,
even if it is the most desirable solution, not thi® spouses are able to synchronize themselves
during the day.

Couples in clusters 2 and 4 are associated withitfleest synchronization levels. These dual-
earner households share some specific featuresg(Ia® 6.2): the high level of education for Him
— tertiary education and the medium-lower levekdtication for Her. Moreover, men in clusters 2
and 5 are employed in the services sector. Furthierncouples from these two clusters mostly live
in Central Italy.
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Fig.6.1. Modal (de)synchronized couples activitigaster 2

25



60 BisoN, I. & A. SCALCON

What seems to distinguish the two clusters isttiajprobability of being a member of cluster
2 increases with the woman’s age and with the pesef young children (0-14), while for the
couples in cluster 4 the woman’s age does not matié they are more likely not to have a child.
There are also differences of occupational sectdrcdass between the couples in clusters 2 and 4.
While both the spouses of cluster 4 are more likelype employed in the private service sector,
those of cluster 2 mostly work in the public seaaorsecondly, in industry. As regards differences
in occupational class, we can say that men in eludtare white collar (Illa) or workers (VI +
Vllab), those in cluster 4 are self-employed (latid 1Vabc). At the same time, women in cluster 2
are mainly clerical workers (llla), while in clusté they are more likely to be self-employed (I +

).

This particular combination of characteristics —d atonstraints — creates synchronized
couples’ sequences, as mentioned before (Fig.@dbwever, there are some substantive
differences. In the case of cluster 2, he and sleensto have breakfast together before going to
work, and they start working synchronically. Theyttbstop working quite early in the afternoon,
probably favored by their kind of job and the eammosector in which they are employed (mainly
in the public services). At 17:00 as later sheaiskoat home, while he follows her shortly theraafte
at 17:40. From that moment, both the spouses shencest of the day at home and engage in child
care, before having dinner together and, finalhjoging their free time to relax at the end of the
day. In the second part of the day, the only monienwhich spouses are not synchronized is
immediately after dinner, when she postpones leertfime for 20 minutes in order to do some rapid
house care.
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Fig.6.2. Modal (de)synchronized couples activiteaster 4

In cluster 4 the absence of children and the tyffpgook induces the couples to start their day
in a different way compared with the others (Fig)6Both the spouses wake up together, and they
do so later than the other couples. They also hasakfast at the same time. Then, He leaves the
house while She quickly tidies up before going tarkv Job commitments equally fill most of their
daily time. Moreover, they are synchronized in btteir lunch and dinner times. Finally, and
because of the pressure and extent of job commitmepouses in cluster 4 jumps directly to free
time and leisure, frequently avoid any kind of heaare task. In general, house care activities seem
to be almost absent within this daily time-use gratt However, to be noticed is that this it doesn'’t
mean that spouses haven’t done housework, butrrithe they are more likely to do it non-
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regularly, during brief and scattered moments afrsgiimes; although they may not necessarily do
the housework every day, maybe postponing theks taghe weekend.

Also cluster 7 falls — although not completely -toirthe synchronized time-use pattern
(Fig.6.3). On the one hand, the strategy of daahers in this cluster has some elements in
common with those of cluster 2 and 4 (Tab.6.1 &).612 particular, as for cluster 2, couples are
more likely to be part of cluster 7 with the incsgey age of Her, and Her employment in the public
sector. Moreover, like those in cluster 4 theseptegishare the feature that both spouses are mostly
self-employed (He IVab; She | + II). Like both theevious clusters, they also do not have children
or, at least, have children younger than 14. Orother hand, a distinctive feature of this group —
compared to the other two with a synchronized tirse-pattern — is the strong presence of couples
from the South of Italy.
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Fig.6.3. Modal (de)synchronized couples activiteaster 7

Cluster 7 has some characteristics in common wi¢gh2? and the % also in terms of daily
time organization. Both the spouses have brealtéagther, then He goes to work while She
quickly rearranges the house: the same dynamiahitiéed by cluster 4, only that it is shifted
earlier in the morning because of their differeakerup times. Also in the evening, clusters 7 and 4
are similar in that both these couples synchrolyiaaturn home later. However, th& fime-use
pattern ends with a longer tail of synchronizedspeal care: spouses may still be having dinner
together at the end of the observation (22:00anipn case, what really makes cluster 7 unique is the
time organization around lunch. While for clusterti2ere is no specific time for lunch, and for
cluster 4 the time interval for lunch is well defthbetween two work ‘segments’, for cluster 7 the
break from work is longer for Her; and around aaiarsynchronized lunch-time, there is a certain
desynchronization due to His work commitments amd kbuse care tasks. Finally, before going
back to work, She is even able to spend a shom tielaxing. Here, the sequence of activity
combinations over time is much more chaotic, fragiee and socially desynchronized compared
with the other patterns. However, this desynchmxhipart of the day seems functional to the
production of a certain form of a general, mostigchronized, daily couple strategy.

Among all the seven clusters, finally, dual-earceuples in the ®, 4" and 7" are the only
ones to report little difficulties in balancing Qaactivities. They also have relatively low levelfs
stress, being more satisfied with their daily kfied the division of house and child care demands
with the partner.
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Alongside thesynchronized patternshere emerge other desynchronized daily time-use
patterns. These strategies of desynchronizatiom $edée specialized into two forms, on the basis
of the kind of tasks sequentially performed and loim@d by the two spouses during the day. As
expected by previous scholars, women are more edgaghousehold care activities (Gershuny et
al., 1988; Raley et al., 2012; Craig et al. 2014r)d there are important differences in how they
organize and distribute their care tasks during dbg, according to their time and that of the
partner** Here, an important role is played by the kindaff fnd the work hours of the womén.

The first strategy is &unctionally desynchronizepattern of the spouses’ different activities
during the days. This is apparently more desirahlen others. Here, gender differences in
activities-in-time seem to be an adaptation tostinectural desynchronizatiofNock et al., 1984) of
couples’ working schedules. The difference in wdudkation between men and women appears to
produce a counterbalancing force by which — atetie of the work day — the woman compensates
the different spread of work commitments of manithvihouse care in a quite calibrated way that
preserves the free time of both the spouses.
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Fig.6.4. Modal (de)synchronized couples activiteaster 3

Couples in clusters 3 and 5 are associated withitgteestfunctionally desynchronizegghttern
levels. These dual-earner households share sonedisgeatures. They have similar educational
levels: the men are either graduates or have a wsony education, while the women have a
medium-low level of education, and therefore upgerendary at most. Both the spouses belong to
the middle class or bourgeoisie. They both live ttgas the North of Italy, even if some of the
couples in cluster 5 are also from southern metitpoareas. Moreover, there are two substantial
differences between the compositions of these tlusters. The first is the presence of young
children within the household of cluster 5. Theosetis the different time at which She starts work
in the morning and, consequently, the time when®inees back home in the evening.

™ The problem is that not enough attention has Ipedsh to their partners and what He does while Sitéopms care
activities. In fact, being at work instead of watghtelevision while She is dealing with housewarkchild care is
substantially different in terms of gender ineqigdi.

2 The literature shows that, frequently, women anpleyed in shorter or facilitated work hours sottihey can devote
themselves more — in spite of their wishes — toskbold care (Bernardi, 1999a). Previous scholave Baown that
women’s permanence in the labor market in Italyreafter the birth of children, is often highertire public sector.
This may be seen as the best solution for thenotabine work hours with their social role as mothemd care givers
(Bernardi, 1999a)
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In cluster 3, He starts work much earlier than Hem. the other hand, She prepares herself
calmly before going out to work. That is possiblgoabecause of the absence of children care. At
the end of the workday, the spouses come back letereand synchronically. Once at home, they
desynchronize themselves again; while He takeseakbto relax, She does some housework. It
seems as if there is some sort of compensationityf tiime activities. He started work much earlier
than Her in the morning, and once returned homeétbaps believes that he has the right to get
back the free time that She gained in the morrially, they both eat and relax together.
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Fig.6.5. Modal (de)synchronized couples activiteaster 5

In the cluster 5 couples’ time-use pattern, Sheesalp a little before Him, probably because
of the presence of child care demands. They thea beeakfast together before going to work, and
they start working synchronically. In the afternp@he leaves the workplace much earlier than
Him, perhaps in orders to devote herself to howskchild care. Soon after His return from work,
they eat together, before spending synchronoustimee Compared to cluster 3, the clear non-
cooperation of Him in the household tasks — amdmgspouses of cluster 5 — may be due to the
different spread of work commitments during the iehday.

For these two last clusters, the household acts/itbverload for Her and the less time spent
‘doing the same things’ have an effect on the fation expressed by the spouses. Compared to
the well-synchronized couples, for those in clu®end 5 we notice a reduction in the levels of
satisfaction, as well as an increased difficultypafancing the work-family activities. However, the
reported levels of stress for women in cluster 8 &rare lower than the overall mean and slightly
higher than those expressed by the wives of synéred clusters.

The seconddesynchronizationstrategy is alysfunctionalpattern of the different spouses’
activities during the day. Here, the couple’s distiion of activities during the day does not seem
to follow any compensatory mechanism. The overajl desynchronization is less structural and
due to working schedule commitments. It seems tmbee weakly linked to the spouses’ different
time constraints: conversely, it appears to bewname of more traditional and less equal gender
attitudes. Here, the result is a marked overloggaid + unpaid work for the women (Mattingly et
al., 2003), with stronger evidence of the leisuap (Beblo et al., 2008).

Couples in clusters 1 and 6 are associated withhidfgestdysfunctional desynchronizations
pattern of the different spouses’ activities durthg day. Also these patterns share some specific
features. The men in clusters 1 and 6 have lowldeveeducation, mainly compulsory level, and
spouses are parents of at least one child andhéative mostly in Central Italy.
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These two clusters partially differ for the occupaal class of the spouses. Those in cluster 1
are both from the middle class (Illa), She is emptbin the industry sector, while He works in the
private service sector. Spouses in cluster 6 agtlyneorkers (VI + Vllab) or self-employed (He: |
+ II; She: IVabc). Women in the two clusters aléffed in their educational level: those in cluster
have a lower-secondary education, while those ustet 6 have mostly an upper-secondary or
tertiary education.
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Fig.6.6. Modal (de)synchronized couples activiteaster 1
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Fig.6.7. Modal (de)synchronized couples activitidaster 6

In some way, the time-use pattern of cluster Gisagently similar to that of cluster 5. In fact,
She comes back home before Him, dealing with h@ase activities. However, compared with
cluster 5 we notice a greater extension of Her élooisl commitments, from the early afternoon
until the evening, when He has already returnedeéhmom work. Thus, if on the one hand the
desynchronization is functional for the long tingest by Him at work, on the other, this couple’s
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time-use pattern does not show any cooperativeompensatory forms of time-use organization
among the spouses.

Last but not least, cluster 1 is certainly the maxn expression of what we call
‘dysfunctional desynchronization’. The relative &rase pattern describes a couple in which
everything is on the shoulders of the woman. THaydef the exit from home is followed by a
double move, probably due to the fact that — befgyang to work — She takes the children to
school. Then, she continues to work until the &ternoon. Finally, when both the spouses return
home, He takes a break and rests, while She castitmmdo housework and child care. The only
synchronized moment in the final part of this c&gplpattern is when they have dinner. Among all
the time-use patterns, this is certainly the orté e highest level of gender inequality in regard
the daily work-family balance challenge.

There are clearly some differences between theedast clusters. However, they are both
characterized by the total absence of His cooperati the house and child care demands. Thus,
strong implications regarding the levels of satista and the ability to combine different daily
activities are expected. Not surprisingly, bothstdu 1 and 6 present the highest levels of diffycul
in reconciling daily activities. They also have tlosvest level of satisfaction with regard to the
division of care tasks and the lowest levels ok&adtion with daily life as a whole. Finally, wome
in cluster 1 present the lowest levels of satigacand the greatest daily difficulties in all theeas
investigated.

7. Conclusions

In this paper we study the workdays of dual-eanwemles. As already argued, such a two-
fold choice has important substantive implicatidios the exploration of combined time-use
patterns: considerable parts of these daysohligatedby both the amount of work time and its
scheduling — an unavoidable constraint for the rodtmivities in terms of quantity and timing as
well (Lesnard et al., 2009). We may say that caiptiaily strategies in regard to work-family
balance are more likely to be settled around thekiwg schedule’s obligations by organizing the
other activities within out-of-work times.

What happens around the working schedules is nmtat&d to be random, and the activities
of the spouses should not be randomly combinechgutie non-work parts of the day. We have
argued that daily strategies and ‘projects’ follgertain routine pathways (Hagerstrand, 1982;
Hellgren, 2014) and that temporal patterns in tios® may spotlight the hidden generative
mechanisms behind couples’ strategies (Hallber@2R0rhus, in the study of workdays and dual-
earner couples’ dynamics, a crucial point is ta fiagularities.

Scholars have pointed out an important discrimingafactor for dual-earners’ work-family
balance: that of being (de)synchronized. Howevgradiopting a time-budget perspective, we are
unable to capture the timing dimension of (de)syocizations. Within this framework, we may
know the total duration of (de)synchronized timas, we cannot assess ‘when’ spouses have done
the same activity. We may know the amount of timeptes spent together in the same place doing
different or similar activities, but, again, we dot know ‘when’ they did it. Thus, although this
approach may allow very detailed descriptions eksa sub-activities and time quality, this focus
on quantities is not informative about the ovesaiategies of daily time organization performed by
couples.

According to Lesnard (2004), a consistent alteweais to preserve the time dimension by
considering dailyschedules as sequendg®snard, 2004). The problem is that from a segeien
analysis perspective, the entire complexity ofydadhedules has been basically reduced to working
schedules. Consequently, spouses’ (de)synchromieatitime has been treated as a matter of being
both working or not working for each point-in-timidere, the possible combinations of states are
reduced to a tripartite scheme: 1) spouses arewotking, 2) only one is working, 3) neither is
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working. On this view, we can only assess the ssorghation for one activity, that of work, by
treating the possible (de)synchronizations on o#teéivities-in-time as vague residuals. Moreover,
we are not able to distinguish the different comabions of activities when the spouses are being
desynchronized. This, in our view, is a strong wesss: it is — at least — reasonable to suppose that
different combinations of activities are more osdalesirable at different times, according to the
overall context of previous and next performed\diidis. It is possible that some desynchronized
daily schedules may be more or less complementatyuactional according to both the spouses’
roles and commitments during the whole day.

Finally, we should move to a more complex framewd¥We must be able to capture both the
timing of multiple synchronizations within differeractivities and the experienced variety of
activity combinations for desynchronized time intds.

The main contribution of this paper is its use ofnaltichannel’ sequence analysis approach
for the simultaneous exploration of multiple-adivgchedules at a couple level. We analyze typical
daily schedules of dual-earner ltalian couples iy weekday, from 07.00 to 22.00, by jointly
considering the combinations-in-time of activitiegthin six different domains: ‘work’, ‘sleep’,
‘personal care’, ‘moving’, ‘house care’ and ‘fréené’. Thus, a whole view of the couple’s daily
organization is proposed. In fact, previous findimgay help us with deeper interpretation of certain
daily phenomena among couples. At the same timepeleve that a multichannel sequence
analysis can yield new insights by itself.

In our analysis seven different clusters of couplime-use patterns have been identified.
What clearly emerges from the analysis is a timee arganization among dual-earner couples that
describe a more complex reality than that we haenlused to point out. Where three main types
of time use pattern have been fousgnchronizationfunctional desynchronization; dysfunctional
desynchronization These patterns describes a variegate set of faomily balance strategies
performed by dual-earner couples, with reasonalifferent expected levels of desirability.
Moreover, these patterns are associated with siEmeegraphic, educational, cultural, and work
characteristics of both the spouses — thus, witterdnt latent mechanisms of time constraints.
Finally, these particular couple’s solutions inlgacheduling affect spouses’ level of satisfaction
as an outcome of the daily life quality.
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Depressive symptom trajectories across working
life and workload in paid and unpaid work
among Swedish men and women

Paraskevi Peristera, Hugo Westerlund, Linda Magnusson Hanson

Stress Research Institute, Stockholm University

Abstract Long working hours and high work load are possible risk factors for de-
pressive symptoms, but relatively few prospective studies have been conducted
thus far. Little is also known about the influence of the work environment on the
course of depressive symptoms. This study aimed to use trajectories of depressive
symptoms across working age to examine whether work load from paid and un-
paid work predict these trajectories. The study was based on data from 4 waves of
the Swedish Longitudinal Occupational Survey of Health (SLOSH, 2008-2014).
We applied latent-class growth modelling in order to identify groups with similar
development of depressive symptoms (depression trajectories) between ages 20 to
65. We further studied workload from paid and unpaid work as risk factors for
certain pattern of symptoms and time-varying modifiers of trajectory level within
each group. Six groups were identified with symptoms: ‘stable very low’, ‘stable
low’, ‘mild decreasing’, ‘recurrent mild-moderate’, ‘stable moderate-high through
midlife’, ‘stable high’. More hours in unpaid work in 2008 increased the risk of
belonging to the groups with ‘stable moderate-high through midlife’ and ‘recur-
rent mild-moderate’depressive symptoms. When treating workload from unpaid
and paid work as time-varying covariates we found that workload from unpaid
work was associated with higher depressive symptoms although the effect was not
statistically significant for all groups. On the other hand higher workload from
paid work in terms of long working hours resulted in higher depressive symptoms
for all groups except for individuals belonging to the group ‘stable moderate-high
through midlife’. Females predicted depressive symptoms in all groups when
compared to the ‘stable very low’ group. This study supported that are heteroge-
neous individual patterns of depressive symptoms over the working life. The re-
sults also indicate that workload both from paid and unpaid work influences the
evolution of depressive symptoms across age.
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1 Introduction

Mental health problems and especially depression are of major public health con-
cern, owing to the high prevalence and substantial negative consequences on per-
sonal functioning but also work productivity. It is well known that onset of de-
pression may vary between individuals and that symptoms occasionally recur over
the life course. However, relatively few studies have investigated the course of
depressive symptoms in the general population (Steinert et al 2014). Little is also
known in about individual trends in the development of depressive symptoms
since most longitudinal studies focus on the analysis of the mean trend of depres-
sive symptoms over time by using growth curve modeling techniques or hierar-
chical linear modelling (Castelao and Kroner-Herwig 2013). Advanced statistical
approaches in growth modelling, such as latent class growth analysis, however,
provide a flexible and easily applied method for identifying distinctive clusters of
individual trajectories within the population and for profiling the characteristics of
individuals within the clusters (Nagin 2005). These models can thus be used to
identify distinctive trajectory groups of people with different long-term patterns of
depressive symptoms, some of which may be associated with more functional lim-
itations.

It has also been suggested that different risk factors may be associated with dif-
ferent long-term patterns of depressive symptoms (Colman, 2010; Papachristou
2013), but very few studies thus far have investigated how environmental factors
influence the development of depressive symptoms over the long-term. It has been
suggested that factors such as sex, socioeconomic status, history of depression or
psychopatology, and stressful life events relate to different courses of develop-
ment (Musliner et al 2016). One study by Hardeveld et al (2010) also suggested
that stress-related factors, including certain work stressors, predicted recurrent ma-
jor depressive episodes. However, little is still known about the influence of po-
tentially modifiable factors such as work-related characteristics on different long-
term patterns of depressive symptoms. Work stressors such as high work demands
or high demands in combination with low control (job strain) have generally been
implied as risk factors for depressive symptoms (Bonde, Netterstrom 2008, Theo-
rell et al 2015). Bannai and Tamakoshi (2014) concluded that also long working
hours is associated with depressive states. However, non-work stressors may also
be associated with poorer mental health (Clark et al 2012). Especially a “double
burden” of work and non-work related responsibilities could have a negative
health effect. This kind of double burden or high total workload has been suggest-
ed to contribute to common physical and mental symptoms (Krantz and Ostergren
2001), but more knowledge is needed on both changes in stress from workload in
paid and unpaid work, and the interplay between these stressors, over the life
course, and how they influence health among men and women (Payne and Doyal
2010).
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The aim of this study was to identify different developmental courses
/trajectories of depressive symptoms over the working life of Swedish men and
women, and examine how work load in terms of long working hours and hours
spent in unpaid work are associated with different trajectories.

2 Methods

2.1 Data

Study Population The study population consisted of participants from SLOSH
(Swedish Longitudinal Occupational Survey of Health) study, a longitudinal co-
hort study which focuses on work life participation, social situation, and
health/wellbeing with repeat self-reported measures every second year (starting in
2006) on an originally representative sample of the Swedish working population.

Study Sample The present study is based on those who responded to the
SLOSH questionnaire and were in paid work more than 30 % of full time in all
four waves with start year 2008 (6291 participants).

Time Axis We applied an accelerated longitudinal design (Raudenbush and
Chan 1992), using age rather than calendar years as the time variable. This al-
lowed assessment of depression trajectories over an age range between 20 and 70
years based on a 6 year period (2008-2014). However, we limited our analyses to
the individuals aged 20-65 years of age, the typical working age.

2.2 Measures

Outcome: Depressive symptoms were measured with a brief subscale from the
Hopkins Symptom Checklist (SCL-90), the SCI-CD6 (Magnusson Hanson et al
2014) which assesses perception of being troubled by: Feeling blue; Feeling no in-
terest in things; Feeling lethargy or low in energy; Worrying too much about
things; Blaming yourself for things; and Feeling everything is an effort, quantified
on a five-category scale from 0=Not at all to 4=Extremely. The six items represent
core symptoms, selected based on principals of clinical validity. The scale has val-
idated and was found to have good psychometric properties and results have
showed that the items are suitable to add into a composite score indicative of de-
pression severity (Magnusson Hanson et al 2014).
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Workload: Workload was measured repeatedly 2008-2014 by a modified ver-
sion of a measure developed and psychometrically evaluated by Mardberg et al
(1991). In addition to hours/week in paid employment and overtime at work, con-
stituting a measure of workload from paid work, the instrument covers unpaid
work activities, such as household duties (mending, sewing, laundry, gardening),
childcare (homework/teaching, care-taking, playing) and other unpaid duties (vol-
untary work in unions and organizations, care of sick or elderly relatives).
Hours/week spent on household duties (shopping, cleaning, cooking, mending,
sewing, laundry and gardening) and on childcare (homework/ teaching, care tak-
ing, playing) were added to a measure of unpaid work. In this study workload
from paid work was divided into 4 categories: <40, 40-49, 50-59, 60+ working
hours/week. An exception was in SLOSH 2010, then the corresponding categories
were <41, 41-50, 51-60, 61+. Workload from unpaid work was also divided into 4
categories: <8, 8-11, 12-20, 21+ hours on average/week). The total number of
hours spent on paid and unpaid work constituted the total workload measure also
divided into the following 4 categories: <58, 58—67, 6880, and >80 h/week.

2.3 Statistical Analysis

Group-based trajectory modelling (GBTM) was used in order to identify distinc-
tive groups of individuals who can be classified into groups with similar develop-
mental trajectories over time, and examine whether work load predicts the devel-
opment of depressive symptoms.

Group-based trajectory modelling (GBTM) is a semi-parametric model-based
clustering technique that is mostly applied for the identification of latent groups of
individuals following a similar progression of an outcome over time (Nagin 2005).
Model estimation produces posterior probabilities of membership in each trajecto-
ry group for each participant. These probabilities are then used to assign individu-
als to the trajectory group to which they have the highest probability of belonging.

An accelerated longitudinal design was adopted in our analysis in order to use
age rather than calendar years as the time variable. The first step before the
GBTM analyses was to rearrange data from the 4 SLOSH waves (years 2008 to
2014) so as to follow a longitudinal design covering an age span ranging from 20
to 65 years of age.

In order to select the best model we followed Nagins’ recommended two-step
procedure for model selection. Firstly the number of latent trajectories is selected
based on fit indices. Subsequently the order of the polynomials describing the lev-
el and shape of the latent trajectories is determined. We first considered with a
single trajectory model for depression described by a cubic polynomial. In the
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next step we revised the model by increasing the number of groups using fit crite-
rions. Trajectory models with two to eight groups and varied shapes were com-
pared. Estimation of depression trajectories was accomplished using the censored
normal model (CNORM), which is appropriate for continuous data.

We relied on several criteria to choose the best model. The Bayesian Infor-
mation Criterion (BIC) is one of the most commonly used fit statistics to deter-
mine the number of subgroups with the model with value closer to zero providing
the best fit (Nagin 1999, 2005). In general BIC measures improvement in model
fit gained by adding more parameters (e.g. more groups and more complex trajec-
tory shapes) but also emphasizes model simplicity by applying a penalty for com-
plex models (Kass and Raftery, 1995) We further considered the Akaike’s Infor-
mation Criterion [AIC]) , the significance of polynomial terms (at the confidence
level alpha 0.05), the values of group membership probabilities and of average
posterior probability (entropy) (Nagin and Odgers, 2010; Andruff et al., 2009).
Entropy is an index used in classification accuracy based on posterior probabilities
with higher values denoting better classification. A value greater than 0.7 for all
groups is generally recommended since it indicates that the trajectory encom-
passes individuals with similar patterns of change and discriminates between those
with dissimilar patterns of change (Nagin, 2005). Although there is a big discus-
sion in the literature on which measures to use for the selection of the best model,
there is no commonly accepted single standard model fit statistic but there are
several suggestions from existing simulation studies (Henson et al. 2007, Nylund
et al. 2007). The magnitude of difference in BIC, the Bayes factor as well as the
BIC-based probability approximation were used to choose between more complex
and simpler models (Nagin, 1999; Nagin and Odgers, 2010; Jones, Nagin and
Roeder, 2001). A Bayes factor is the ratio of the probability of model 1 being the
correct model to the probability of model 2 being the correct model (Nagin, 2005).
If two models have equal probability of being correct the Bayes factor would be
one. Values than 1 favor model 2 whereas values greater than one imply that mod-
el one has a higher probability of being the correct model.

After selecting the optimal model in terms of fit we selected the shape for each
of these groups. The trajectory model was fitted using maximum likelihood meth-
ods that allow for incomplete data and assumes that missing data were missing at
random.

After finding the optimal trajectory model we included risk factors i.e. factors
influencing the probability of membership of a particular trajectory group in 2008,
and covariates. Workload from paid work and from unpaid work were considered
simultaneously relative to the defined trajectory groups as time-invariant covari-
ates (risk factors) and time varying covariates (TVCs) measured in 2008-2014).
Coefficients for risk factors indicate the increase in relative odds of being in a tra-
jectory (relative to the lowest group) per unit change in the risk factor (Nagin,
2005). Coefficients for TVCs can be interpreted as: given membership in a trajec-
tory group, how much higher (if coefficient is positive) or lower (if coefficient is
negative) is the depression trajectory for a unit increase in the covariate. Unadjust-
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ed models as well as models adjusted for sex (0 men, 1 women), civil status (0 not
married, 1 married or cohabiting) and socioeconomic status (Statistics Sweden,
1982) were presented. We further conducted the same analyses for men and wom-
en separately. In addition, we have considered the potential influence of life stage
at baseline by adjusting for three age groups: young adulthood (20-34), midlife
(35-49) and mature adulthood (50-65).

The GBTM analyses were conducted using the PROC TRAJ procedure devel-
oped by Jones and Nagin, which can be downloaded from http:
//www.andrew.cmu.edu/user/bjones (Jones et al., 2007; 2001) in the SAS software
(version 9.4; SAS Institute).

3 Results

Our fit evaluation of the different models resulted in the selection of a model with
six trajectories with a linear order for four groups suggesting a linearly decreasing
or increasing trajectory, and a cubic order for two of the groups suggesting a tra-
jectory where there are two turning points (inflections), a maximum and a mini-
mum in depressive symptoms. Figure 1 depicts the shapes of the six trajectories
obtained from the GBTM analysis as well as their class sizes. The pattern of
symptoms over the working life could be described as either “stable very low”,
“stable low”, “mild decreasing”, “recurrent mild-moderate”, “stable moderate-
high through midlife” and “stable high”. The trajectories named ‘stable very low’,
“stable low” and ‘stable high’ followed a slight downward linear trend as people
got older, but remained either at a low to mild level (<12 on the depression scale)
or at a high level (>16 on the depression scale). The majority of individuals were
classified in either the ‘stable low’ (43.8%) or ‘mild decreasing’ (25.3%) group.
The ‘stable high’ group represented the smallest group (2.1%). The ‘stable moder-
ate-high through midlife’ group (8.8 %) followed a quadratic trend with two turn-
ing points. In this group a moderate decrease in symptoms was evident during
young adulthood (until about 35 years of age), after which symptoms remained on
a moderate level throughout midlife, followed by a steeper decrease during mature
adulthood (from ages 50 and onwards). For the ‘recurrent mild-moderate’ group
(8.2 %) the pattern was also described by a quadratic trend with a decrease in
symptoms from mild to low during young adulthood, but with an increase in
symptoms to moderate in midlife. The former group thus appeared to have recur-
rent symptoms over the working life, while two groups the ‘stable very low’ and
the stable low’ group, appeared to be free of limiting symptoms over the working
life. Altogether there were 3 favorable (mild decreasing, stable low and stable very
low) and 3 unfavorable (recurrent mild-moderate, stable moderate-high through
midlife, and stable high) trajectories.
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Fig. 1: Depression trajectories (20-65 years), (six-group model, no-time invariant covariates or
TVCs), SLOSH, 2008-2014; standard errors are given in parentheses

A description of the demographic characteristics and the distribution of paid-
unpaid workload in the year 2008 for the six trajectory groups are given in Table
1. The mean age was lowest in the ‘stable moderate-high through midlife’ trajec-
tory (46.4 years), followed by ‘very low stable’ trajectory and ‘mild decreasing’
(Table 1). The proportion of women varied from 46.6 % in the ‘very low stable’ to
69.4% in the ‘stable moderate-high through midlife’ and 65% in the ‘stable high’
trajectory whereas proportion of married individuals varied from 83% in the ‘sta-
ble very low’ trajectory to 50.7% in the ‘stable high’ trajectory. Overall there was
a higher proportion of women in the unfavorable trajectories. The highest propor-
tion of unskilled manual workers was in the ‘stable high’ group, while the highest
proportion of skilled manual workers was in the ‘stable very low’ trajectory. As-
sistant non-manual employees represented the highest proportion in the ‘stable
moderate-high through midlife * group while the ‘mild decreasing’ group was rep-
resented by a high proportion of other non-manual employees. The higher propor-
tion for self-employed appears to be in the ‘stable very low’ trajectory. Generally
it also seemed as a higher proportion of individuals spent high number of hours on
unpaid work in the unfavorable trajectory than in the favorable trajectory groups.
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Table 1. Characteristics of the trajectory groups in terms of demographic characteristics
and workload from paid and unpaid work in Wave 2008

Stable
Stable Stable  Mild de- moderate- Rgcurrent Stable
very Low  creasing high mild- High
low through moderate
midlife
Mean Age 4982 5229 50.17 46.37 56.14 50.67
Sex (%
females) 46.64 55.83 62.35 69.46 63.82 68.32
Civil sta-
tus (% 83.13 80.91 78.46 73.50 79.02 65
married)
Unskilled
SEI Manual 16.07 1418 15.49 14.88 13.81 20.83
Workers
Skilled
Manual 1821 1440 12.93 14.05 15.02 13.54
Workers
Assistant
Non-Manual  11.07 1240 13.06 12.12 15.02 13.54
Employees
Intermediate
Non-manual 29.64 3145 3259 31.96 30.63 26.04
Employees
Higher non-
manual em- 1768 2095 21.35 20.11 19.22 18.75
ployees
Self- 7.32 6.62 4.58 6.89 6.31 7.29
employed ' ’ ’ ' ' '
Work
Loadpaid (% <d0or 5595 3060 2929 33.33 36.14 30.77
work (hrs  41)
per week)
(% 40/41-
49/50) 50.49 50.76  50.80 51.07 4491 51.28
(% 50/51-
59/60 1320 12.04 12.28 9.48 12.28 12.82
(% 60/61+) 7.38 6.60 7.63 6.12 6.67 5.13
Workload
unpaid
Work <8 20.16 17.74 10.37 18.58 14.49
24.15
(hours per
week)
8-11 21.79 2243 2145 17.39 16.21 21.74



LACOSA 11, LAUSANNE, JUNE 8-10, 2016

83

9
12-20 2094 2204 22.03 19.73 26.88 18.84
21+ 33.12 3537 38.78 5251 38.34 44.93

When examining the role of workload as risk factor for trajectory group, higher
workload from paid work at the baseline measurement (2008) were not clearly as-
sociated with a higher or lower likelihood of a certain trajectory in the model ad-
justing for sex, civil status and socioeconomic status. Individuals with higher
workload from unpaid work, however, had increased likelihood of being in the
three unfavorable trajectory groups and the mild decreasing trajectory compared to
the very low stable trajectory group, but the results were statistically significant
only for ‘mild decreasing’, ‘stable moderate-high through midlife’, and ‘recurrent
mild-moderate > groups in the adjusted model.

Sex, civil status and socioeconomic status were included in the adjusted models
as potential predictors (risk factors) of the trajectory group membership. Females
were a statistically significant predictor (results not shown) of membership in all
the groups compared to the ‘stable very low’ group. Being married or cohabiting
predicted the membership in the ‘stable moderate-high through midlife’ and ‘high
stable’ groups (statistically significant at 5%) compared to the ‘very low stable
group’. Similar results were found for the unadjusted models although there were
some differences in terms of the statistical significance of the estimates. We fur-
ther adjusted for three age groups. In that case we found that people in the age
group (35-49) had a lower likelihood for being in most of the groups compared to
the ‘stable very low’ group but the results were only statistically significant for
those with ‘stable low’ symptoms. Regarding the age group (50-65) we found that
people in this group showed higher likelihood of being in the stable moderate-high
through midlife group and lower likelihood in all other trajectory groups with sta-
tistically significant effects only for group ‘stable low’. We also tested for interac-
tion effects between the different age groups and workload from paid/unpaid work
but there was no indication of statistically significant interaction effects.

Table 2. Increase in relative odds of being in a certain trajectory group as compared to being in
the very low stable group, according to workload at baseline

Coefficients (SE) Coefficients (SE)
Unadjusted model Model adjusted for
sex, civil status and SEI

Workload Paid  Workload Un- Workload Paid Work Workload Un-
Work paid Work paid Work

Stable very low - - - -
Stable low -0.02 (0.01)  0.20(0.09)* -0.02 (0.01)  0.14 (0.09)

Mild decreasing -0.01(0.01)  0.14 (0.08) -0.00 (0.01)  0.04 (0.08)*
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Stable moderate- -0.01 (0.01)  0.39 (0.09)* -0.01 (0.01) 0.33 (0.09)*
high through mid-

life

Recurrent mild- -0.03 (0.01)*  0.43 (0.10)* -0.02 (0.02) 0.32(0.10)*
moderate

Stable High -0.01(0.02)  0.38 (0.18)* 0.005 (0.02)  0.31(0.18)

* p value < 0.05

These analyses were also stratified by sex. However, there were no major
differences between men and women. If anything, workload due to unpaid work
seemed a stronger predictor of group membership in the ‘recurrent mild-moderate’
group for women, but the power was insufficient for further comparisons (data not
shown).

Both paid work and unpaid work over the study period were associated with
depressive symptoms across the working age but the results varied in terms of
direction and statistically significance for the various groups (Table 3). An
increasing level of workload due to paid work was associated with higher
depressive symptoms (when adjusted for sex, civil status and socioeconomic
status) in all groups except for the ‘stable very low’ group. Higher work load due
to unpaid work (adjusted model) was statistically significantly related to an
increase in depressive symptoms in the ¢ stable low’, ‘recurrent mild-moderate’
groups but associated with a downward trend in depressive symptoms in the
‘stable moderate-high through midlife’ group (statistically significant at 5%).

Table 3. Influence of workload on the trajectory level within each group (standard errors are
given in parentheses; * statistically significant at 5%)

Coefficients Coefticients
Unadjusted model Model adjusted for sex, civil sta-
tus, SEI

Workload Paid Workload Unpaid Workload Paid Workload Unpaid

Work Work Work Work
Stable very low -0.04 (0.03) 0.26 (0.18) -0.01 (0.03) 0.15(0.17)
Stable low 0.03 (0.01)*  0.12 (0.06)* 0.07 (0.02)*  0.49 (0.11)*
Mild decreasing 0.05 (0.01)*  0.34 (0.08)* 0.03 (0.01)*  0.09 (0.06)
Stable moderate-high -0.04 (0.03) 0.14 (0.13) -0.12 (0.04)*  -1.35 (0.35)*

through midlife
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Recurrent mild-moderate 0.82 (0.10)*  4.63 (0.82) 0.08 (0.04)* 1.60 (0.35)*

High stable 0.05 (0.04) 0.16 (0.21) 0.10 (0.04)*  0.19 (0.22)

Analyses of the total work load (measured as <58hrs/week, 58-67 hrs/week, 68-
80 hrs/week, >80hrs/week) finally showed that a higher total workload increased
the likelihood of being in the ‘mild decreasing’ trajectory and tended to increase
the likelihood of being in the ‘high stable’ group, although the latter risk estimate
was not statistically significant in the adjusted model. Furthermore, no significant
interaction was observed between the workload paid work and workload unpaid
work for any of the six trajectories.

4 Discussion

The current study examined patterns of depressive symptoms throughout ages 20-
65 years for an initially representative sample of working men and women as part
of the Swedish Longitudinal Occupational Survey of Health (SLOSH) study
(waves 2008-2014), and the influence of workload due to paid and unpaid work.

The first objective was to determine whether there are distinct trajectories of
depressive symptoms in the working population. This work identified six distinct
depression trajectories between ages 20 and 65.

In accordance with data on major depressive disorder in different ages (Ferrari
et al 2013), we observed higher levels of symptoms around the ages 45-54 in one
of the groups, although the peak occurred little later in one of the groups. Howev-
er, a relatively high proportion, around 5 % of the population, already experience
depression around 20-24 years of age (Ferrari et al 2013). It has also been found
that a relatively high proportion of people in the general population have a recur-
rent episode of depression and that a considerable proportion of the general popu-
lation experience a stable recovery after a depressive episode (Steinert 2014). It is
therefore not surprising that we also found several groups with a decreasing symp-
toms levels. A smaller proportion could also be expected to have a more chronic
course as observed in the present study.

Studies on individual trajectories of depressive symptoms in the general adult
populations are still relatively rare. Musliner at al, however, reviewed mainly pop-
ulation based studies in different age periods and concluded that stable patterns
were common such as stable low symptoms. A small group with stable high symp-
toms as in our study have also commonly been found in other studies. Patterns
with varying degree of symptoms over time were more seldom observed. Howev-
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er, in line with some previous work on depressive and anxiety symptoms (Colman
et al 2007) we also identified trajectory profiles with decreasing symptoms in
adulthood, repeated mild-moderate symptoms, moderate symptoms starting in
midlife. In contrast to Colman et al (2007) studying depressive and anxiety symp-
toms up to age 53, we did, however, not observe any group with onset of severe
symptoms during the study period.

Our next goal was to determine whether work load influenced the above trajec-
tories. Consistent with other reports (Musliner et al 2016) sex predicted depressive
symptoms in all trajectory groups but neither civil nor socioeconomic status was
associated with depression for the majority of the six groups. Some other studies
did, on the other hand, find that educational level or income predicted trajectories
with high symptom burden (Musliner et al 2016) as well as occupational grade
(Melchior et al 2013). Moreover, it has previously been indicated that factors such
as problems with peers and parents, alcohol/tobacco/drug use, parental history of
depression and negative cognitive styles could lead to worse depression trajecto-
ries over time among children/adolescents (Musliner et al 2016). Among older
people, poor self-rated health, past history of somatic illness, functional and cogni-
tive impairment and low social support have been associated with negative devel-
opment of symptoms. Stressful life events has also a found to be a predictor of
poor depressive symptom trajectories (Musliner et al 2016). This work suggest
that also workload is associated with unfavorable long-term trajectories of depres-
sive symptoms. Both workload from paid work and unpaid were associated with
depression over age progression. Analyses of work load as a time-varying covari-
ate showed that workload from both paid and unpaid work was generally associat-
ed with an increase in depressive symptoms supporting some previous findings
(Virtanen et al 2011, 2012, Shields 1999, Krantz Ostergren 2001, Krantz et al
2005). It is possible that this increase may lead to a rise in symptoms from moder-
ate level to severe in some cases.

Individuals with higher work load from unpaid work at baseline were also at
increased risk of belonging to the ‘mild decreasing’, ‘recurrent mild-moderate’,
and ‘stable moderate-high through midlife’ groups compared to the ‘stable very
low’ group. Higher workload from paid work was, however, not clearly associat-
ed with a certain trajectory. The study further indicated that a higher total (double)
burden increased the likelihood of one of the most unfavorable trajectories.

Some strengths of the study are that it was conducted in a sample from the gen-
eral working population, and with measures of depressive symptom every second
year over a period of 8 years. In contrast to studies of depression trajectories in
clinical population, studies in the entire population may more accurately represent
the true underlying continuum of the disorder (Musliner et al 2016). The acceler-
ated design also allowed us to characterize depressive symptoms trajectories over
the entire working age. Dropout from the study, however, may have restricted the
possibility to detect heterogeneity. Given that the subjects were originally working
and repeatedly in paid work for more than 30 % over the study period, the sample
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is probably characterized by relatively healthy individuals with high educational
level etc.

We based the trajectories on four time points, which is above the minimum re-
quired for estimating quadratic trajectories, but the more time points to estimate
cubic trends the better (Andruff et al., 2009). We further used an accelerated de-
sign to make the most of these data. This allowed us to model symptom trajecto-
ries over a much longer time period. There are, however, potential problems asso-
ciated with this approach. One is inferential ambiguity due to an age-cohort
interaction (Raudenbush and Chan 1993). We tested and found no evidence of an
age interaction in the main models but this may be associated with uncertainty due
to a relatively small number of overlapping time points in adjacent cohorts. A
longer time series of measurement may also have contributed to more power for
identifying heterogeneity in symptoms over time and potential determinants of dif-
ferent trajectories.

Another limitation of the present study is that we were not able to measure
symptoms in childhood. Some individuals may therefore already have had high
symptoms in childhood making it difficult to disentangle onset of moderate or se-
vere symptoms. Data were also missing on family history of mental health prob-
lems and childhood/adolescent characteristics, which may be predictors of depres-
sive symptoms trajectories and workload and may confound the relationships of
interest. Finally, when relating time-varying covariates to the trajectory it is possi-
ble that the depressive symptoms over time may influence later workload
measures, thus we are not able to draw any causal conclusions based on these
analyses. It is less likely though that the depression trajectory influences the initial
measurement of workload suggesting that there may be a causal association be-
tween unpaid workload and depression trajectories over the working life.
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Labor market integration of
adolescents with mental disorders

Isabel Baumann, Sibylle Juvalta, Szilvia Altwicker-Hamori, Niklas Baer,
Ulrich Frick, and Peter Riiesch

Abstract Earlier research has shown that mental health problems at early
stages of life negatively affect the individuals’ long-term employ-ment prospects
and occupational attainments. Accordingly, the chances of individuals with
mental disabilities of becoming economically independent are often constraint
and their social integration is hampered. This situation impairs their well-
being which in turn is likely to exacerbate their mental health. One of the
reasons for the limited occupational achievements of individuals with mental
disorders is their lack of educational de-grees. They may have dropped out
of school, have achieved only low levels of education or have graduated from
schools for children with special needs. Their educational attainments thus
often do not allow them to take up standard jobs. Our paper addresses the
question how mental health interventions in children with mental disabili-
ties are linked to their labor market outcomes. We analyze whether there
are educational and vocational programs or psychiatric interventions that
mitigate the negative impact of mental disorders on educational and occu-
pational outcomes. Moreover, we examine which consecution of educational
and psychotherapeutic measures enhances young adults’ chances to be in em-
ployment at age 21. We analyze a dataset on 500 young adults in Switzerland
who have either received a disability pension or rehabilitation measures be-
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tween 2010 and 2013. We find that the earlier in life interventions—such as
rehabilitation measures—are implemented, the higher is the chance that in-
dividuals are in an economic activity in early adulthood. Our analysis shows
that individuals who entered disability insurance system relatively late and
exhibit frequent interruptions in their educational trajectory are likely to be
without training or employment at age 21. This finding is in line with the life
course paradigm that suggests that individuals who differ with respect to a
particular characteristic at a young age — for instance mental health — man-
ifest much stronger differences in this characteristic later in life. Moreover,
focusing on rehabilitation measures, we find that a large share of individuals
has experienced continuous psychiatric treatment. The implications of our
findings are that there is a need for early intervention, particularly in school
settings for children with mental disorders. The earlier the intervention takes
place, the better there seems to be the outcome for the affected individuals.
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Opportunities of Work and Family in Young
Disabled People’s Lives

A Comparative Study of Disabled and Non-disabled
Young Adults in Nineteenth-century Northern Sweden
Using Sequence Analysis

Helena Haage, Erling Haggstrom Lundevaller and Lotta Vikstrém

Abstract This study focuses on young adults with disabilities and their pathways
towards work and family in past society. The aim is to explore their life trajecto-
ries and compare them to a non-disabled group of people who experienced the
same time-space context, represented by the 19th-century Sundsvall region, Swe-
den. We employ sequence analyses on a series of demographic events that were to
occur in the life of young adults: first occupation, marriage and parenthood. We
also check for the events of death and out-migration. Disability studies show that
disabled people were often subject to stigmatization caused by their impairment
and prevailing perceptions about normalcy in in society. This would have limited
their opportunities of work and family compared to non-disabled persons. Individ-
ual-level data consisting of parish registers digitized by the Demographic Data
Base (DDB), Umed University, Sweden, allow sequence analysis that helps to an-
swer the questions of whether and how disability influenced people’s life trajecto-
ries. We obtain a holistic picture of how their life developed that suggests that dis-
ability substantially limited people’s opportunities to find job, marry and form a
family. This indicates that a stigma was associated with disability beyond the im-
pairment itself and worked to add to disabled individuals’ difficulties in both the
labor market and marriage market.
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1 Introduction: Background, Aims and Rationales

Historical research shows that getting an occupation, marrying and giving birth to
children were common events in the transition to adult life for nineteenth-century
young people. These events and the ordering and timing of them were governed
by contemporary norms in society and encouraged by institutions such as the
church and state. For instance, job and employment were to occur in young peo-
ple’s life before they married and established a family on their own, and children
were to be expected upon marriage, not before. Across north-western Europe, this
pathway was also the result of an economy based on agricultural production. It
promoted a life cycle servant system according to which young people were to be
hired as maidservants and farmhands in other households than their parents’
(Dribe 2000; Lundh 1999; Lundh 2003; Whittle 2005; Harnesk 1990). This made
young women and men move between different employers to secure work and in-
come to gather the skills and material resources required to unite a spouse and set
up a household. In this way, the servant system worked to structure the opportuni-
ties of work and family among young nineteenth-century individuals. Even though
most of them followed this expected pathway, little is known about whether indi-
viduals with disabilities did. From disability studies we know that they were often
subject to a stigma caused by the impairment and prevailing perceptions about
normalcy in society (Kudlick 2003; Susman 1994; Oliver 1996; Barnes et al.
2010; Goffman 1972; De Veirman 2015; Haage et al 2016). If disability limited
young people’s opportunities for work and family, it would become evident from
their life trajectories when compared with those of non-disabled individuals.

This study aims to do that and thus it fills in the gap of knowledge we have on
past people with disabilities. We provide novel results based on sequence analysis
on a series of demographic events that occur in the life of young adults, such as
first occupation, marriage and parenthood. All events are consistently compared
between disabled men and women and in relation to their non-disabled counter-
parts, all of whom resided in the Sundsvall region, Sweden. During the 19th centu-
ry, this region witnessed a fast population growth from about 13,000 inhabitants in
the early 1800s to 18,793 in 1840 and to 46,418 inhabitants in 1880 (Alm Stenflo
1994). This growth was due to the expansion of the sawmill industry and a large
influx of migrants in combination with the mortality decline.

Accounting for several events and not just one, our sequence analysis and lon-
gitudinal data (see Sect. 2) make us obtain a more holistic picture of disabled peo-
ple’s life (Aisenbrey et al 2010; Abbot et al 2000). Only being able to conduct
such analysis of individuals with disabilities living 150-200 years ago makes this
study special in its approach, as quantitative methods are rare in disability studies
and social history. The demographic experiences of disabled people are important
to uncover not only because they constitute a minority long hidden in history, but
because their life trajectories reflect their living conditions and were also shaped
by attitudes that prevailed among the majority population.
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2 Longitudinal Data and Methods: Definitions of Disabilities,
Events and Sequences

The data consist of parish registers, digitized and stored by the DDB at Umea
University, Sweden.! These registers are based on original records for parishion-
ers’ birth, baptism, marriage, out- or in-migration, death, burial and the catecheti-
cal examination records, and they also report occupations. The DDB registers are
made up by chosen parishes in Sweden during the 18th and 19th centuries and are
linked on an individual level, which gives a demographic description about each
parishioner over lifetime (Vikstrom et al. 2006). The catechetical examination rec-
ords were collected on yearly basis due to the obligation for the ministers to keep
records of the parishioners’ knowledge of the catechism and their reading skills,
first stated in the Church law of 1686 (Nilsdotter Jeub 2009). In these registers the
ministers also made marks of impairments — lytesmarkeringar — that indicate disa-
bilities among the parishioners. Those who the ministers labeled disabled are cate-
gorized as such in our dataset and analyses (Tab. 1). Those who did not have any
of these impairments in the parish registers we regard as non-disabled (Haage
2012). Representing the average life trajectories of the young population in the
Sundsvall region, they help us answer whether finding a job or a spouse to marry
were less present events in the life of disabled persons.

The dataset consists of observations from 8,874 unique 15-year-old individuals
born between 1820 and 1860 out of whom 117 had marks of impairments (Tab. 1).
Their impairments were reported before the age of 15 or at the 15th birthday at
latest. The reason for chosen young individuals is that they are in the beginning of
their transition to adulthood associated with the events under study. We begin to
follow them at their 15th birthday to identify the timing and ordering of three
events of primary interest to us: first occupation, first marriage and birth of the
first child. Events of secondary interest are death and out-migration from the par-
ish. At the longest, all individuals are under study for maximum 18 years (between
age 15 and 33), which covers the phase in life when the events of primary concern
to us occur.

In this study a sequence is defined as a list of events. As an event gives rise to a
new state in the sequence, a sequence can consist of different states. If an event
occurs several times in the life trajectory, the sequence is recurrent, but we only
consider when an event first happens and treat it as non-recurrent (Abbot 1995;
Abbot et al. 1986). Sequence analysis further enables us to detect the states each
individual experienced at each time point, which in this study is age (Gabadinho
et al 2011). This means that a state describes a person according to certain events
at one particular year of his/her life. The length of each state is consequently one
year and the whole sequence is maximum 18 years. The first state starts at the 15th
birthday and the second state at the 16th birthday etcetera.

T www.cedar.umu.se/english/ddb/databases/
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Table 1. Disabled and non-disabled individuals by gender in the dataset (Digitized parish regis-
ters, the Sundsvall region, DDB, Umed University)

Disability category Men N Women N Total N
Blind 9 5 14
Deaf mute 23 13 36
Crippled 19 5 24
Mental disabilities 20 15 35
Multiple disabilities 4 4 8
Summary disabled 75 42 117
Non-disabled 4,385 4,372 8,757
Total summary 4,460 4,414 8,874

Notes: The individuals were born 1820-1860 and 15 years old at start of observation. We use the
terms and concepts the ministers used even if some of these words today are derogatory.

3 First Findings on how Disability Influenced the Life Trajecto-
ries of Young Adults

To find whether and how disabled people’s life trajectories differed from non-
disabled individuals, we performed the analyses in two steps. First, we explored in
which order the events of primary interest to us occurred in the individual life tra-
jectory. Second, the entire sequences were investigated according to disability and
gender distributed by age, and also with regard to the two events of death and out-
migration from the parish.

Analyzing the order of the events of the life trajectories of people observed
over the whole period (18 years) helps to picture the events they experienced (Fig.
1), disregarded the timing between these events. Among both genders the differ-
ences between the disabled and non-disabled were statistically significant below
the 5 %-level.? Figure 1 shows that more than 30 % of the disabled men and wom-
en did not experience any of the events under study during the entire observation
(state 0). Hence, they did not have any occupation, did not marry or got a child.
Among the non-disabled people not even 10 % ended up in that state (0). Far more
men than women (both disabled and non-disabled) took up an occupation, but
stayed unmarried and childless (state 1). Getting a job, marrying and starting a
family with at least one child (state 111) was the most common male trajectory,
especially for non-disabled men, 58 % compared to 40 % of the disabled men.
Even though a considerable share of the women ended up in the state of 110,
which means that they married and gave birth to a child but never hold any occu-
pation during observation, this was particularly the case for non-disabled women,
40 %, and not their disabled sisters, 20 %. Among the latter, about four women in
ten represented a life trajectory showing no events at all (state 0). While almost 20
% of the disabled women are found to have experienced the event of giving birth
to illegitimate offspring (states 10 and 11) only about 7 % of the non-disabled did.

2 Pearson’s Chi-squared test: P-value < 0.001 for both men and women
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Fig. 1: Percentage distribution of entire sequences (end states) for individuals followed across 18
years: a comparison between disabled and non-disabled men and women (Digitized parish regis-
ters, the Sundsvall region, DDB, Umea University)

Note: Pearson’s Chi-squared test: p-value <0.001. The figure shows the eight most frequent or-
ders of states in the dataset, defined as at least one group in the type has a proportion above 10
%. These types are as follow:

0 = No occupation/No marriage/No child 100 = No occupation/Marriage/No child
1 = Occupation/No marriage/No child 101 = Occupation/Marriage /No child
10 = No occupation/No marriage/Child 110 = No occupation/Marriage/Child
11 = Occupation/No marriage/Child 111 = Occupation/Marriage/Child

Sequence analysis further enables a graphical view of the state distributions by
time points that displays a general pattern for all individuals’ life trajectories by
group (Gabadinho et al 2011). Figure 2 shows these distributions by time points
(here age) per gender and disability. The proportion of disabled men who did not
get any occupation and remained unmarried and did not get any child (green state)
is greater than for the non-disabled men. The proportion decreases in a slightly
slower pace, and delayed in time, for disabled men, which means that those who
left the “green” state and got an occupation did so later in life than did non-
disabled men. At the age of 28, the slope for disabled men levels off at about 20 %
while it for non-disabled men continues to decline. The share of men who got an
occupation without experiencing marriage and parenthood (yellow state) is similar
despite disability. The only state where the disabled men were proportionally
greater than for the non-disabled is that of death (orange state). The development
over time for the state equal to having an occupation, being married and forming a
family (purple state) shows no large difference between non-disabled and disabled
men.
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Fig. 2: State distribution by time points per gender and disability; a comparison between disa-
bled and non-disabled men and women (Digitized parish registers, the Sundsvall region, DDB,
Umea University)

The differences between disabled and non-disabled women is clearer than
among the men. The proportion of women who experienced no occupation, re-
mained unmarried and childless (green state) is greater among the disabled women
than their non-disabled sisters. However, women who attained an occupation,
marriage and a child (purple state) have a similar trajectory over time despite dis-
ability. The two states where the trajectories differed substantially between disa-
bled and non-disabled women are the state equal to getting a child without mar-
riage and occupation (blue state), and the one equal to death (orange state).
Among those who migrated from the parish, we find a larger proportion of non-
disabled individuals of both genders. In all, the above sequence patterns show
more similarities between non-disabled men and women and between disabled
men and women respectively. Consequently, disability influenced the life trajecto-
ries of both genders.
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4 Concluding Discussion

The findings of our sequence analyses provide a comparatively complete picture
of young disabled individuals as they were beginning to seek their livelihood as
adults in 19th-century Sweden. With regard to opportunities for work and family,
we find substantial differences between how their trajectories developed when
compared to non-disabled individuals. Whereas the latter moved through many
events while under observation (from 15 years of age to maximum 33) and experi-
enced these events in the expected ordering (first job, then marriage and
parenthood), disabled people did not to the same extent. Even if it was not impos-
sible for them take up work, which was key to marry and form a family, consider-
ably fewer of them found a job or married a spouse compared to non-disabled
people. In all, the sequence analyses provide results that clearly demonstrate that
disability limited people’s opportunities in both the labor market and marriage
market. This is one major conclusion to be drawn; yet another one is that these re-
sults would hardly been obtained without employing sequence analysis. We view
this tool as beneficial for identifying the impact disability had on people’s oppor-
tunities in past society, here to work and family, and for two reasons. First, se-
quence analysis covers a longer portion of people’s pathways than for instance
Cox regression models do, in estimating the propensity to experience one single
event, such as getting a job or marrying. Second, and although the explanatory
power of sequence analysis is limited, it holds a pedagogical advantage in describ-
ing individual life trajectories as it does. The outcome is relatively comprehensi-
ble, even for scholars less familiar with statistical measures, many of whom are
found in the fields of social history or disability studies, for example.

However, why do we come across the above results? Although impairment cer-
tainly brought difficulties in life, it must not per see have ruined people’s opportu-
nities to find some work and access to income or a spouse to marry. It takes more
to explain why these typical events were less present in the life of disabled people.
Beside the impairment itself, we argue that a stigma associated with being labeled
disabled adds to explain the results. If individuals’ appearance, behavior or inabil-
ity were perceived as deviant according to prevailing perceptions about normalcy
in society, this would render them exclusion from social and working life. We
think that these labeling circumstances and negative attitudes contribute explana-
tion to the limited opportunities to work and family among the disabled people we
study. Less work or no job, cut their income and subsequently the marital pro-
spects, as we have seen from the above sequence analyses. This suggests that dis-
abled individuals accumulated disadvantages over lifetime that is also evident
from their higher mortality level during observation compared to non-disabled
people.
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Employment security in non-traditional careers:
Exploring the dynamic of long-term work trajectories

in thirteen European countries

Maxim Kovalenko and Dimitri Mortelmans

Abstract In this article, we approach the debate on the so-called flexibility-security nexus from the
long-term perspective of career studies, exploring empirical evidence on whether the increased labor
market flexibility in the past decades has also led to more employment insecurity. We look at lifelong
career sequence patterns in 13 European countries, with three objectives in mind. First, we examine
to what degree empirical career patterns correspond to the career types postulated in theoretical career
literature, namely the traditional and the ‘new’ career. Second, we look at whether these career
patterns have changed in their relative prevalence over time. This analysis provides evidence for
the discussion on whether career patterns in Furope have changed in the past decades. Third, we
consider how employment security has evolved over time, depending on the career type. Our analyses
indicate that there are slight changes in career structure in several Furopean countries, and that
some of the highly mobile career patterns are characterized by a higher degree of precariousness, a
dynamic often overlooked in mainstream career studies. In terms of policy, our results suggest the

need to combine labor market flexibilization with individual supportive measures for some workers.

1 Introduction

The debate on whether the increasing flexibility of employment relationships in the past few decades
implied a lower degree of labor security, is prominent in the contemporary labor literature (Muffels
and Luijkx, 2008; Standing, 1999; Heery and Salmon, 2000; DiPrete et al., 2006; Kalleberg, 2009;
Cappelli, 1999; Barbieri, 2009; Howell, 2004). The same debate is much less well developed in the
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field of career studies, which approaches the flexibility problematic from an explicitly long-term
perspective and considers how individual working histories evolve over time (see e.g. Arthur and
Rousseau, 1996; Baruch and Bozionelos, 2010; Sullivan, 1999). Despite several calls to pay more
attention to the risks associated with the flexible career (e.g. Van Buren, 2003), the subject remains
essentially understudied. Yet given the mainstream view of public policy makers in the Western
countries that labor market flexibility is an essential tool for driving up economic competitiveness
in the globalizing economy and for reducing unemployment, a proper understanding of these risks
is crucial for all actors involved. Neglecting to account for the 'dark side’ of flexibility may all too
easily help install or strengthen the mechanisms of stratification on the labor market, and expose
many workers to the risk of precarious work and poverty.

In this article, we empirically examine several assumptions that underpin mainstream theories
on careers in flexibilizing labor markets, and look at the evolution of labor security over time for
different career patterns in 13 European countries. These two interrelated issues form the backbone
of our analysis.

In regard to the first issue, the central thesis of career theories dealing with the consequences of
labor market flexibilization pertains to what can be termed ’the career transformation’: the demise
of the traditional career pattern with life-long employment in one or two organizations (Sullivan,
1999), and its replacement by the 'new’ career, which is often characterized by higher external
mobility (Sullivan and Arthur, 2006). Much research has been inspired by the assumption that
such transformation took place, yet the empirical evidence on the extent of the change is far from
being conclusive (e.g. see Gunz et al., 2011; Clarke, 2013). The first possible reason for this is that
insufficient attention has been paid so far to the national variation of how career patterns have
evolved over time. A lot of research on the 'new’ career originates in the Anglo-Saxon countries,
where labor markets are much less regulated than in Continental Europe. At the same time, it has
been convincingly demonstrated that national institutions can significantly impact labor market
outcomes (Muffels and Luijkx, 2008; DiPrete et al., 2006), which raises the question if the same
claim about the career transformation can be applied to much more strictly regulated European
labor markets, and to what degree. Second, the existing findings on the career transformation are
predominantly based on short- or medium-term data, whereas research based on life-long data, so
crucial for the understanding of careers in their totality, is very scarce.

Concerning the second issue that pertains to changes in labor security, it remains an open question
as to what impact career flexibilization in Europe, whatever its extent, has had on the course of the
individual career. Much of empirical research in the contemporary career literature has focused on
factors that help workers navigate flexibilizing and uncertain employment environments, resting
on the assumption that the risks associated with the increasing labor market flexibility can be
tackled on the individual or organizational level, e.g. through investments in employability and

self-directedness in career management. This approach implicitly leaves the insecurity-generating
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factors on the macro level outside its field of vision, therefore potentially misrepresenting the total
outcome of the flexibility-insecurity dynamic; and possibly suggesting a more positive view on career
flexibilization than the reality would warrant (Guest et al., 2006).

In this article, we aim to contribute to a better understanding of career flexibilization and its
consequences in Continental Europe. We start by describing the concerns related to the increasing
labor insecurity that are voiced by some strands in economic and sociological literature on the
subject of labor market transformations in the context of economic globalization and neoliberal
marketization. Subsequently, we explore how these concerns connect with the prevailing theoretical
insights within the contemporary career studies and provide empirical evidence that helps transpose
the debate on the flexibility-insecurity controversy to the long-term career perspective. Our analyses
shed empirical light on the dominant assumptions of the theories dealing with the allegedly 'new’
career types, and provide insights into long-term changes that have occurred in careers of European
workers in the past decades, pertaining both to shifts in career structure and to the dynamic
of employment security. In addition, our analyses address a lacuna in research pertaining to the

evolution of careers in Europe, given its characteristic regimes of labor market regulation.

2 Theoretical background

2.1 The debate on flexibility-security nexus

The last three decades of the twentieth century were marked by major transformations in the
Western economies, spurred, among other factors, by an unprecedented rate of economic globalization,
technological advances in transport and communication, the nascence of the Internet, increasing
global competition and labor redistribution (Beck, 2000; Reich, 2008; Standing, 1999, 2009). These
transformations went hand in hand with a Copernican shift in the dominant socio-economic paradigm,
where the Keynesian model gave place to the neoliberal modes of economic thought and policy
action (Harvey, 2011). Labor market deregulation took place in most Western countries, eroding to
a large degree the traditional securities built during the Golden Era of full employment (Harvey,
2011; Standing, 1999). The ‘new’ economy, featuring higher levels of competition, market variety
and technological complexity, required more flexibility from both organizations and the workers
(Kalleberg, 2009). A result was the proliferation of various forms of flexibility, including increased
job mobility, fixed-term contracts, subcontracting, freelance work, as well as other forms of 'atypical’
working arrangements. There is an on-going debate in the sociological, economic and public policy
literature about how the increasing flexibility in the labor markets has impacted workers (Muffels

and Luijkx, 2008). Generally speaking, two perspectives can be discerned (see Tregaskis et al., 1998).
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The first perspective, sometimes labeled as 'neo-Fordist’ or even 'neo-Marxist’, assumes a negative
view on flexibilization. It emphasizes an increasing labor insecurity due a plethora of macro-level
factors inherent to the 'new’ economy and its mainstream neo-liberal policies. Labor markets have
become much less regulated, driven to a larger extent by the pure market logic of supply and demand,
whilst disembedding themselves from the social institutions designed to protect weaker labor market
groups. Welfare provisions have been trimmed down substantially, and the responsibility for one’s
employment has been transferred onto the workers, the trend finding a reflection in the re-orientation
of labor market policies towards activation and stricter controls (Harvey, 2011). The use of non-
standard employment relationships, such as temporary work, fixed-term work and self-employment
(of the real or the bogus kind) has increased in many countries (Standing, 2009; Tregaskis et al.,
1998). Flexible working arrangements of these and other types allow companies to make quick
adjustments to the business cycle and to changes and shocks on the volatile and competitive markets.
At the same time, it is feared that such arrangements do not offer the same degree of social and
economic security as the standard full-time employment (Van Buren, 2003). In addition, trade union
power has been in decline as well in the past decades, and along with it the traditional means of
reducing inequalities between employers and employees (Standing, 2009). Finally, the ability of
capital to move quickly and the global nature of economy allows firms, especially multinationals, to
traverse international borders to find the economic regime most favorable to business, which usually
comes at the cost of lower labor protection.

All in all, this perspective posits that as a consequence of these changes, many workers in weaker
positions on the labor market, such as lower educated workers or migrants, are now at higher risk of
precarious employment, unemployment and poverty (Standing, 2011; DiPrete et al., 2006; Rodrigues
and Guest, 2010). Some authors go even further, proposing that insecurity is inherent to advanced
capitalist societies in general, without restriction to specific population strata (Beck, 2000).

The second perspective, sometimes labeled as ’post-Fordist’, assumes a positive stance towards
flexibility, focusing on the mechanisms that allow labor flexibility whilst maintaining labor security.
In this view, the relationship between flexibility and security is not a trade-off, but rather that of
mutual reinforcement (Muffels and Luijkx, 2008). According to this perspective, not an erosion of
labor security takes place, but rather a shift towards new forms of security. Thus, management
literature focuses on how individuals can adapt to uncertain employment conditions of the flexible
economy, emphasizing the importance of continuous investment in skills as well as adaptability
to the shifting demands of the labor market (e.g. Clarke and Patrickson, 2008; Van Buren, 2003).
Proactive and ’self-directed’ behavior on the labor market, self-knowledge and employability are
key concepts in this ‘new employment relationship’ approach. On the macro-level, the ‘flexicurity’
paradigm, popular in the European policy circles (European Commission, 2007; Wilthagen and
Tros, 2004), supports the positive view on the flexibility-security nexus. It focuses on the role of

institutions in facilitating employability and activating workers towards labor market participation.
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While the debate on the consequences of flexibility in the global economy is well-developed in
relation to labor in general, this is hardly the case on the level of career studies. The dominant
paradigms pertaining to the dynamic of careers in the ‘new’ economy are by and large aligned with
the ‘new employment relationship’ approach, focusing on the individual capacities to cope with
uncertain employment environments. They often ignore the discussion of the mechanisms on the
global scale that systematically generate insecurity which may impact career trajectories in the long
run (Inkson et al., 2012; Tregaskis et al., 1998). As consequence, these theories can be dangerously

open to ideological interpretation (Roper et al., 2010).

2.2 Flexibilization and the new career

The process of globalization has also had important consequences for the structure of career
opportunities and career enactment (Arnold and Cohen, 2008). Changes in the domain of work have
spurred a new branch in career research and theory that came to focus on what is often described
as ’the new career’ (Arthur et al., 1999). Different aspects of the 'new career’ have been captured in
various theoretical frameworks, most popular being the ’boundaryless career’ (Arthur and Rousseau,
1996) and the ’protean career’ (Hall, 1996, 2004). Both frameworks postulate a transformation of how
careers unfold in the context of flexibilizing labor markets. This transformation allegedly entailed
a move away from the traditional organizational career within one or two organizations (Sullivan,
1999), and to a modern career type that is characterized by a higher degree of psychological and
physical mobility (Sullivan and Arthur, 2006), as well as by a weaker dependence on a particular
organization in terms of its development.

Several authors have noted that the discourse of the 'new’ career is inherently positive, and
dangerously aligned with the currently mainstream neo-liberal view on labor, which valorizes
individualism, self-reliance and the ability to accept responsibility for own actions (Guest et al.,
2006; Roper et al., 2010; Inkson et al., 2012; Zeitz et al., 2009). It paints modern workers as ’career
capitalists’ (Inkson and Arthur, 2001), that must assume control over their working lives and market

themselves in an entrepreneurial fashion (Zeitz et al., 2009), leveraging their human and social

capital to traverse organizational, cultural and occupational boundaries (Pringle and Mallon, 2003).

These commentators have raised concerns that the 'new’ career discourse ignores the increasing
insecurity and uncertainty that typifies the flexibilizing labor market (Tams and Arthur, 2010;
Inkson et al., 2012; Zeitz et al., 2009). According to this view, the freedom of individual action can
be severaly constrained by contextual factors, which can result in a ’bifurcation in the labor market
between those in a position to reap the benefits of the new, flexible career environment and those
less able to gain a foothold’ (Arnold and Cohen, 2008, p. 4).
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Despite these calls to explore the ’dark side’ of the modern career, empirical evidence is still scarce,
especially for European contries, concerning how employment security has evolved in typical career
patterns, given the vast changes in the economic order in the past several decades. This scarcity
leaves the debate on the impact of labor market flexibilization on labor security, considered from
the long-term career perspective, rather one-sided and predominantly geared towards its positive

interpretation.

2.3 Hypotheses

In our analyses we focus on two separate, but closely interrelated sets of research questions. The
first set pertains to the empirical validation of the assumptions that the 'new’ career theory makes
in postulating the shift from the ’traditional’ to the 'new’ career type, as described hereinabove.

These assumptions are largely accepted in the contemporary career literature, yet the empirical
evidence that supports them is limited at best (Rodrigues and Guest, 2010; Clarke, 2013), especially
in the European context (Kattenbach et al., 2014). More specifically, there exist substantial doubts as
to whether external job mobility, a cornerstone element of the 'new’ career, has effectively increased
(Chudzikowski, 2012; Soens et al., 2005; Rodrigues and Guest, 2010; Kattenbach et al., 2014). Similar
claims have been made in regard to career behavior and perceptions in general (Jacoby, 1999;
Elchardus and Smits, 2014), implying that the traditional career is alive and well, certainly in the
context of regulated European labor markets. In respect to the changes in career type prevalence,
postulated by the 'new’ career theories, we formulate the following hypotheses:

Hypothesis 1a: the theoretically postulated ’traditional’ and 'new’ career types can be identified
empirically;

Hypothesis 1b: a shift has occurred in the prevalence of the two career types, with a relative
decrease for the ’'traditional’ type in favor of the 'new’ career type.

Detecting the empirical career patterns that correspond to the theoretical ideal types of the
‘traditional’ and the 'new’ career, enables us to trace changes in career security over time in each
career type. Different strands of theoretical literature offer opposing views in regard to changes in
employment security in careers over time. It remains an open question, from the empirical perspective,
whether there was a change, and in which direction. Moreover, it remains unclear to which degree
the direction and the extent of changes in employment security depend on the career type. For
example, it is possible that the core employees, who are more likely to have stable traditional careers,
could have experiences different from thos of the periphery workers, who are more likely to have
more mobile careers (see Rodrigues and Guest, 2010). The following hypotheses can be formulated:

Hypothesis 2a: employment security in careers has decreased over time;



LACOSA 11, LAUSANNE, JUNE 8-10, 2016

111

Employment security in non-traditional careers 7

Hypothesis 2b: changes in employment security in careers are contingent on the specific career

types.

2.4 Defining and operationalizing employment security on career level

Employment security is one of the seven forms of labor security, along with (income security, labor
market security, work security, job security, skills reproduction security and representation security
(e.g. Standing, 2011). Following Muffels and Luijkx (2008) and Wilthagen and Tros (2004), we
define employment security as staying in employment, but not necessarily in the same job with the
same employer. On the level of career, we consequently operationalize employment security as the

percentage of career time that was spent in unemployment.

2.5 Control variables

In our analyses we control for gender and educational level, as both have been shown to be related
to employment security (Azmat et al., 2006; Niez and Livanos, 2010). In addition, we control for
career duration to account for the heterogeneity in this respect.

In our analyses we will also consider how between-country differences in labor market mobility
affect employment security. Mobility on the labor market is considered as one of the macro-level
flexibility indicators (Muffels and Luijkx, 2008; Klau and Mittelstadt, 1986), and is often touted in
European policy circles as an instrument for tackling labor market rigidity. It is therefore important
to establish what effect does macro-level labor market mobility have on employment security, and
how does it relate to individual-level career mobility.

3 Data and Methods

3.1 Data and Sample

To answer our research questions, we use data from SHARELIFE release 1.0, as of November 24,
2010, or SHARE release 2.5.0, as of May 24, 2011 (see Borsch-Supan, Hank, & Jirges (2005)).
SHARELIFE data were collected in 2009 in 13 European countries, and contain a full retrospective
record of working career mobility and its timing. Countries in the analysis are: Austria, Germany,
Sweden, the Netherlands, Spain, Italy, France, Denmark, Greece, Switzerland, Belgium, the Czech
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Republic, and Poland. The main selection criterion for the respondents was to be of age 50 or
older at the first wave of the survey in 2004; partners or spouses of the initially chosen respondents
were selected, when available, without considering age. Complete career records for the majority of
the respondents are therefore available. The complete sample consisted of 18,841 respondents in
all countries. Having excluded cases with missing values on one or several model variables, 16,673

respondents were retained in the analytical sample.

3.2 Methods

3.2.1 Optimal Matching Analysis

In respect to Hypothesis la, we establish typical career patterns in each country. When careers
are conceptualized as sequences of work-related statuses, it becomes possible to derive a distance
matrix between such sequences using Optimal Matching Analysis (Anyadike-Danes and McVicar,
2010). In our case, the principal statuses were inactivity, unemployment,employment, and retirement,
with an additional splitting of employment into statuses pertaining to the sequential number of jobs
in a career (e.g., 1st job, 2nd job etc). Fifty years counting from career start, were considered in
the sequence analysis. The Levenstein I distance algorithm was used, with indel cost set to 1 and
substitution cost set inversely proportional to frequencies at which respective transitions between
statuses occurred (Lesnard, 2010).

The distance matrix was supplied as input to the Ward clustering algorithm, which yielded most
typical career patterns based on the statuses mentioned above. Classifications were carried out for

men and women in each country separately, to preserve gender-specific career types.

3.2.2 Kolmogorov—Smirnov test

In respect to Hypothesis 1b, we use the two-sample Kolmogorov-Smirnov test, which allows to detect
differences in two distributions. Using this method, we can observe whether the occurrence of the
‘new’ careers has increased over time, relative to its traditional counterpart. A separate test was

carried out for each country.

3.2.3 Hierarchical modeling using MCMC

In respect to Hypotheses 2a and 2b, we use two-level hierarchical modeling of unemployment

proportion in a career sequence, level one pertaining to individuals and level two to countries. Career
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types obtained in the OMA analysis are entered into the model as predictors, along with a set of
control variables, with the goal of comparing the evolution of employment security between the
typical career types.

There is a technical caveat in this part of the analysis, related to the fact that the number of
countries is relatively low (N = 13). This implies using maximum likelihood-based estimation is not
feasible, due to likely distortions of the standard errors. At the same time, hierarchical modeling
offers crucial analytical advantages, such as the estimation of individual variance, having controlled
for variance between countries. This renders the method preferable to alternative approaches such
as generalized estimating equations (GEE). The issue was resolved by using Bayesian estimation
methods; namely, Markov Chain Monte Carlo (MCMC) estimation. Bayesian methods have gained
substantial ground in the social sciences in recent decades, especially in hierarchical modeling due to
the mathematical properties of the method (Lynch, 2007). Their efficiency is supported by simulation
studies showing that the MCMC approach leads to more adequate model estimation in comparison
with the traditional maximum likelihood-based algorithms in analytical situations with a low number
of level-two units (Stegmueller, 2013).

In order to trace evolutions in employment security in career structure over time, we employ the
following analytic strategy. Given our operationalization of employment security, career trajectories
are treated as primary units of analysis. Therefore we do not trace changes within a career trajectory
(as the sum of these changes already constitutes that trajectory), but we explore whether careers
occurring later in time are characterized by higher or lower employment security. This achieved by
taking the year in which a career has started (i.e. the respondent entered the labor market for the
first time), as one of the predictors for employment security. Careers that have commenced at a
later time, especially after 1960s, have been to a higher degree exposed to the pressures of economic
globalization and labor market flexibilization, that have precipitated the career transformation
postulated by the 'new’ career literature. Any effect on the start year variable would therefore signify

a potential change in career dynamics.

3.3 Measures

3.3.1 Dependent variable

Employment security in a career is measured as the number of years spent in unemployment divided
by the total number of years in a career. This is expressed as a percentage and varies per definition
from 0 to 100.
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3.3.2 Predictors and control variables

Career type is a dichotomous variable comparing two career types: traditional and transitional. The
variable will be defined based on the results of the Optimal Matching Analysis (OMA) of careers
sequences; see the corresponding section below for details. Briefly, the traditional career type is
characterized by a prolonged employment period with a single organization towards the end of a
career, whether or not it is accompanied by one or several job-to-job transitions in the beginning of
the career. The transitional career type is characterized by multiple job-to-job transitions throughout
the entire career span.

Career start year is expressed as two last digits of the year in which a career has commenced.
The variable was centered 60 (thus pertaining to the year 1960), the value approximating its mean.
The distribution of the variable is presented in Figure 1.

Education is the number of years spent in full-time education in the initial educational trajectory.
The variable was centered around its mean. Labor market mobility is a country-level predictor,
expressed as an average number of jobs in a career for a given country. It reflects the general degree
of mobility on the labor market. Career length is the number of years spent on the labor market.
We introduce it as a control variable to correct for careers of unequal lengths. Gender is coded as 0

for men, 1 for women.

4 Results

4.1 Career typology

As the result of OMA, we have obtained seven main career types. Figure 2 presents the overall
distribution of career statuses in time for each career type.

Two career types are present in all countries in the analysis except Greece, for men as well as for
women: traditional career and transitional career. The traditional career (TD) is distinguished by
having a prolonged period of employment within the same organization at the end of the career
trajectory, regardless of whether it was preceded by one or several transitions in the beginning.

The transitional career (TS) is characterized by a high number of career transitions, generally
remaining in employment. In contrast with the traditional career, career transitions continue after
mid-career, whereas in the former type the worker came to be attached to a single organization. In
terms of physical career mobility, this type is in line with the career trajectory postulated by the
‘new’ career theories.

Late mover (LM) and inactive (IN) career types are also present for both genders, but not in

all countries. The late mover type resembles the traditional career in having low mobility and
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Fig. 1 Distribution of career start year in the study sample

prolonged attachment to the employing organization. The difference between the two is in the
temporal placement of that attachment. For the late mover career, the period of attachment occurs
in the beginning of the career, whereas for the traditional it is at the end. The inactive career type
is marked by a relatively short period of employment, followed by labor market inactivity until
retirement. This pattern is particularly characteristic for women, being present in all countries. For
men, this career type is found only in Spain and Greece.

The remaining three career types are gender-specific. The unemployed career (UN) is characterized
by prolonged periods of unemployment. It is typical for women only. In Belgium and the Netherlands
the intermittent career (IT) type could be distinguished for men. Similar to the transitional career,
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Fig. 2 Distribution of career statuses (y-axis) on career timeline (x-axis, years from career start). Source: Sharelife,
own calculations.
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it is characterized by multiple career transitions throughout its entire course, yet the career is often
interrupted by unemployment, especially in its second half.

The mized career (MX) is typical for women in most countries. In this career type, periods of
inactivity (roughly corresponding to the child rearing period in most cases) are combined with
periods of employment. This type can be clearly distinguished from both the inactive and traditional
types, being a combination of the two.

Table 1 presents the distribution of these careers types in the countries in the analysis.

Table 1 Career type distribution per country and gender (proportion and total)

Career type  TD TS LM IN MX UN IT Total

Men
Austria 0.88 0.05 0.07 332
Germany  0.75 0.19 0.06 854
Sweden 0.82 0.11 0.06 837
Netherlands 0.72 0.09 0.12 0.08 987
Spain 0.91 0.07 0.02 883
Italy 0.85 0.05 0.09 1113
France 0.80 0.10 0.10 1019
Denmark  0.74 0.26 940
Greece 0.86 0.03 0.10 0.02 1215
Switzerland 0.69 0.19 0.12 551
Belgium 0.90 0.05 0.05 1242
Czechia 0.72 0.14 0.14 784
Poland 0.72 0.12 0.16 817
‘Women
Austria 0.47 0.15 0.35 0.03 438
Germany  0.53 0.13 0.11 0.23 941
Sweden 0.70 0.20 0.10 1013
Netherlands 0.39 0.08 0.41 0.11 1114
Spain 0.36 0.14 0.41 0.10 752
Italy 0.42 0.05 0.350.12 0.06 947
France 0.56 0.08 0.28 0.08 1233
Denmark  0.53 0.33 0.14 1137
Greece 0.73 0.130.14 928
Switzerland 0.48 0.23 0.29 697
Belgium 0.44 0.09 0.29 0.13 0.06 1334
Czechia 0.79 0.08 0.12 0.01 1061

Poland 0.56 0.09 0.07 0.23 0.05 951
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These results support Hypothesis 1a. For tracing the evolution of employment security, we will
retain only two types: traditional and transitional careers. These types correspond, in terms of
mobility, to respectively the theoretical concepts of traditional and ‘new’ careers. Given how these
two types are usually juxtaposed in theoretical literature, it is pertinent to contrast them in regard

to employment security.

4.2 Shift in career type prevalence

Two-sample Kolmogorov-Smirnov test shows that the distribution of the traditional and the transi-
tional patterns over time is different for the following six countries: Spain (p < 0.001), France (p =
0.023), Denmark (p = 0.04), Greece (p = 0.012), Czech Republic (p < 0.001), and Poland (p <
0.001). In all these countries except Greece the relative prevalence of the transitional pattern has
increased (see Fig. 3), but not to the extent that would signify a replacement of the traditional
type. For Greece, the shift has occurred in the opposite direction, the relative prevalence of the
transitional pattern has increased over time. In other countries the test was insignificant, implying

that no substantial shifts with respect to these types have occurred over time.

4.3 Evolution of employment security

The results for the hierarchical model of employment security evolution are presented in Table 2.

When interpreting the model, one needs to keep in mind that negative coefficients imply an
improvement in employment security (decreasing the proportion of a career spent in unemployment),
and vice versa. Most importantly, on the average, we observe an increase over time in employment
security for the traditional career type, coupled with a decrease over time in employment security
for the transitional career type. These findings support the Hypothesis 2b, and support Hypothesis
2a for the transitional career type, while rejecting it for the traditional type. The transitional type
in itself is related to decreased employment security. Education, as expected, has a positive effect on
employment security, whereas the female gender has a negative effect.

It is interesting to note that the contextual impact of the country-level mobility indicator, namely
the average number of jobs in a career in a specific country, is positive in its main effect on
employment security, but negative in its interaction with the transitional type. This implies that
there is a differential contextual labor market effect for traditional and transitional careers. For both
career types, being in a labor market with higher career mobility increases employment security, but

more so for the traditional career type than for the transitional.
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Fig. 3 Distribution of career start year density for countries with statistically significant differences between
career types, based on two-sample Kolmogorov-Smirnov test.

An interesting observation can be made in regard to the differences between countries and
individuals in how employment security has evolved in the two career types. Figure 4 shows predicted
regression lines of how employment security changed for the traditional and the transitional career
types. For the traditional career type, the estimations show a decrease of the career proportion spent
in unemployment (i.e. increase in employment security) in all countries. For the transitional career
the evolution has been more heterogeneous, some of the countries showing a positive trend, while
the others—a negative one.

The contrast in the dynamic of employment security between the traditional and the transitional
career remains even after the differences between the countries have been accounted for. Figure 5
shows the individual variance of employment security, plotted against career start time. The lower
curve pertains to observations with the traditional career pattern, while the upper curve refers to
observations with the transitional pattern. Both curves show an increase of variance, meaning that

the internal differences within each career type have grown. Yet for the transitional career that

Career type
-+ Traditional

— Transitional
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Table 2 Multilevel model of employment security

Fized effects Coef (SD) 95% CI ESS
Constant 3.602***(0.523)  2.557 4.638 25000
Education -0.146***(0.015) -0.177 -0.116 23481
Transitional 1.482***(0.219) 1.053 1.912 25000
Gender 1.016***(0.122)  0.779 1.254 24418
Career start -0.109***(0.024) -0.157 -0.062 25000
Career start * Transitional — 0.135**(0.044) 0.051 0.224 20581
Average jobs -1.605**(0.610) -2.817 -0.392 25000
Average jobs * Transitional 0.775**(0.240) 0.300 1.251 24378
Career length -0.144***(0.021) -0.184 -0.103 25000
Observations 16,673
DIC 115589.102
Note: *p<0.05; **p<0.01; ***p<0.001
Traditional career Transitional career
20 20

% unemployment
% unemployment

| | | | | | | | | | | | | |
| | I I [ [ [ | | | I | | [
33 22 -1 0 1" 22 33 44 33 22 -1 0 11 22 33 44

Career start (centered at 60) Career start (centered at 60)

Fig. 4 Country-level evolution of employment security over time
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increase in variance is much more pronounced, hinting at a polarization in regard to employment

security within that type.
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Fig. 5 Individual-level variance of employment security over time

5 Discussion and conclusion

In this article, we have primarily focused on the evolution of security in careers over time. The issue
of labor security has been widely discussed in literature on labor, where two main and opposing views
can be discerned (Tregaskis et al., 1998). Both views trace global changes in economy, technology and
society, changes that may be summarily labeled as economic globalization or the 'new’ economy, with
its intensification of international trade, competition between individuals, firms and even countries,
free flow of capital, labor market flexibilization and many technological advancements. The two
views diverge, however, on the account of the implications that these changes have had on the labor

security of individual workers (Reich, 2008). Our analysis contributes to the understanding of the
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career dynamic that has accompanied the shift towards the 'new’ economy in Europe, and to the
evolution of employment security on the career level, from an explicitly long-term perspective.

We have started by looking at the basic assumptions of the mainstream career theories that
pertain to the career transformations in the context of the new’ economy. Our results go against the
thesis of a major career transformation, which has been brought forward by these theories. Instead,
we can observe minor relative changes in the prevalence of the traditional and the 'new’ careers in
some European countries, while the traditional type still remains dominant. An apparent question
is, can we extrapolate this conclusion to the careers that are unfolding today? Is it perhaps the
nature of our sample, largely comprised of completed careers, that masks the potential intensification
of the shift towards the 'new’ career in the third millennium? In the light of these questions, our
results are best considered along with other recent research on the subject, based on shorter-term
data. Kattenbach et al. (2014) arrives at conclusions that are similar to ours, finding that the new’
career concepts, developed primarily in the Anglo-Saxon context, likely do not describe what is
happening on German labor markets. Our results nuance this statement, in that there effectively
exist career patterns that correspond to the 'new’ career in terms of mobility, and, according to
earlier research (Kovalenko and Mortelmans, 2014), are not necessarily characterized by poor career
outcomes typical for precarious careers. This would imply that changes described by the 'new’ career
theories may be found in certain niches of the labor market. Our results are in line with the second
statement of Kattenbach et al. (2014), namely that the career transformation can be perceived only
to a certain extent. Elchardus and Smits (2014) echoes these findings, the focus being on young
adults (18-36). The authors find that stable upwards trajectory is still the most popular career form,
whereas the attraction for the flexible career wanes rapidly with age, a process that goes hand in
hand with choosing to combine work and family. While 38% of respondents aged between 18 and 20
opted for the ambitious flexible career, only 20% had the same preference in the age group between
31 and 36. These results indicate, that the flexible career type is relatively unpopular not only in
terms of objective prevalence, but also in terms of subjective preferences of young workers. Soens
et al. (2005) also find that while there are minor shifts towards the transitional career pattern, the
traditional career still holds its place firmly in Belgium. Heery and Salmon (2000) describe a similar
dynamic for the UK, stating that aggregate job tenure declined only modestly in the UK, although
for some groups more pronouncedly (cf. supra). Rodrigues and Guest (2010) report similar findings
for several countries.

Our results demonstrate that there is a lot of variation between countries in terms of career
type composition. For example, Denmark showed only a minor shift in relative prevalence of the
transitional career, yet the country was already characterized by a higher share of the transitional
career type (see Table 1). At the same time, other countries, such as Belgium, had a lower share of
careers of the transitional type, without statistically significant changes over time. An important

conclusion that becomes apparent from these results is that the processes of career flexibilization are
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very diversified, can occur in different directions, as the example of Greece attests, and are highly
dependent on the national context. The study of contemporary careers should take this into account,
and explore the national variations, not abandoning the main thesis of the career transformation, but
nuancing it. In other words, the career transformation may be seen as a spectrum that is embedded
in a complex mosaic of the local socio-economic processes, rather than as a single form.

The main thrust of our analysis, pertaining to the decrease of employment security in careers in
the aftermath of the economic globalization, has yielded several results. First, we’ve established that
also in this regard the exact dynamic is contingent on the national context. Second, we’ve found
no insecurity increase in the traditional careers, coupled with some increase thereof in some, but
not all countries, for the transitional career type. This may suggest that while there has been some
decrease in employment security, the process has been limited to some labor market strata, without
becoming universal. Our results suggest that this process may have occurred in some transitional
careers, as they indicated a possible polarization process within this type. This would imply that
while some transitional careers remained stable or even improved in terms of employment security,
in line with the positive interpretation of flexibilization, and possibly conform to the ideal type of
the 'new’ career, other have become more precarious, in line with the neo-Fordist view.

Several authors have, in fact, formulated the idea of labor market polarization as a consequence
of flexibilization, (Clarke, 2008; Kim, 2013; Standing, 2011; Van Buren, 2003; Zeitz et al., 2009).
It has been hypothesized that highly skilled and employable workers may benefit from operating
in flexible labor markets, as it allows avoiding organizational bureaucracy, and enables them to
utilize external job mobility to boost their careers. At the same time, those in weaker labor market

strata, such as lower educated workers, or those without easily marketable skills, are the losers of the

flexibilization, as it pushes them into poorly paid jobs without long-term security, easily discardable.

Empirical evidence is acutely lacking in this respect, and while our results make a contribution, the

polarization hypothesis remains a fruitful area for further research.

6 Limitations and directions for future research

As any empirical research, our is not without its limitations. First, the analysis of the reasons behind
the between-country variations in both career type prevalence and changes in employment security
over time was left outside the scope of this article. While we stressed observing the heterogeneity
in the evolution of career dynamic over time, it would be interesting to examine the specifics of
its interaction with the national context, related, for example, to the differences in labor market
regulation, historical tendencies and so forth. Second, in constructing our career typology we focused
on physical career mobility alone. At the same time, it can be argued, that changes in careers have

occurred not only in terms of physical, but also in terms of psychological mobility (Sullivan and
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Arthur, 2006). Bringing the subjective dimension into account may bring additional details into the
spotlight, e.g. pertaining to the perception of insecurity, along with the stress and health effects
associated with it.
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Abstract The aim of this contribution is to understand to what extent activation
policies are able to reduce the risk of transition into the labour market of young
people unemployed or in social assistance. The relevance of the institutional
structure in which activation policies are implemented and the importance of the
nature of activation policies on young people’s transitions are assessed by using
optimal matching and event history analysis. The theoretical background
underpinning the analysis is an original combination of the Capability Approach
(CA)(Sen and Nussbaum 1993) and Transitional Labour Markets Approach
(TLM)(Schmid and Gazier 2002; Schmid 2008). These theoretical frameworks,
together, are believed to provide new perspectives on the assessment of activation
policies. Their combination allows the researcher to assess whether the nature of
activation policies shows different capacity of compensating for the lack of
‘transitional skills’ of the most disadvantaged young people (Bijwaard and
Veenman 2008). The analysis is performed on a customized longitudinal
administrative dataset and it focuses on the case study of the Brussels Capital
Region (RBC).

1 Individuals and Institutions: the contribution of the TLM
and CA

The individualisation of (new) social risks, the idea that the labour markets can

no longer secure employment (Gazier 1999), the subsequent spread of activation,
the increasing responsibilisation of individuals on welfare benefits, and the
modified relationship between the state and its citizens were crystallised in a
concise - though broad - concept: the concept of employability.
Gaining employability, being able to integrate the labour market and avoiding
being excluded from the the labour market implies managing several risks which
are embedded in changing status over the life-course (e.g. from student to worker,
from employed to unemployed etc.).

Hence, employability can be understood as an empowering process where
institutional and individual responsibilities are intermingled. On the one hand, I
defined active empowerment as the active role played by the person through the
control and management of the resources needed to reach valuable outputs. On the
other hand, I define passive empowerment as the empowering action provided by
institutions through the services and support to any person at risk of experiencing



130 Bussi, M.

a loss of employability. An example is the quality of training provided: (young)
individuals who need to enhance their skills and enrol in training courses organised
in the framework of active labour market policies. The quality of education and
training provided is not something that is actively achieved or modified by the
recipients, but is provided independently by the institution.

A fair balance of active and passive empowerment is essential in order not to
blame the unemployed for their situation and avoid adopting a paternalistic
attitude, which can easily happen namely with young people.

Investigating the capacity of activation policies — intended as the main tool for
delivering employability to the inactive and unemployed - of providing passive
empowerment - i.e. their capacity of reducing the risk of transitions for young
people and the institution’s role in shaping young people’s trajectories — means
using a theoretical background that investigates both the institutional opportunity
structure and its interactions with individual characteristics.

Indeed, the risks of transitions cannot be only attributed to the lack of
‘transitional skills’ of (young) individuals but also to the demand side which is
indeed responsible for the lack (abundance) of labour market opportunities. While
not denying the importance of the demand-side in the outcome of labour market
transitions of young people, this contribution only focuses on the efficacy of
opportunity structure created to answer to the lack of transitional skills of among
the young labour market entrants.

This is achieved by combining two theoretical frameworks deriving from
different areas of study - labour economics and development economics — that are
believed to offer a more comprehensive view of the kind of responses that take
simultaneous account of the insecurity inherent in transitions to the labour market:
the Transitional Labour Markets (TLM) and the Capability Approach (CA). Two
sets of different statistical techniques are also deployed: sequence analysis and
event history analysis.

1.1 The Transitional Labour Markets Approach

Going beyond the focus on the individual capacity of coping with these risks
linked with life-course transitions (supply-side perspective), the Transitional
Labour Markets approach encourages policy-makers to address labour market
transitions through institutional forms of regulation. These forms of regulation —
called ‘transitional labour markets’ — are provided by institutions designed to
encourage risk-taking, while simultaneously providing workers with the prospect
of relative economic security and employment satisfaction without confining them
in dead-end jobs (Lassnigg et al 2007).

More in details, it is believed that TLM is particularly interesting for this
analysis because it clearly indicates how institutional arrangements should work
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in order to function as a bridge for individuals transitions towards labour market
and social integration, thus answering to the need of rethinking institutions and
their role in mitigating social risks. It does not overlook the relevance of
empowering of individuals and supporting individual capacity for choice and also
a capacity to reverse choices (Anxo and Erhel 2006), thus accounting for the
individualisation of life trajectories. In addition, it adopts a dynamic perspective
both of individuals’ participation in the labour market and coordination of
institutions by focusing on transitions rather than static labour market positions.

1.2 The Capability Approach

The Capability Approach, developed mainly by Amartya Sen and Martha
Nussbaum (Nussbaum and Sen 1993; Sen 1999) has provided an umbrella
theoretical framework for empirical qualitative and quantitative operationalization
of well-being and agency concepts on development economics, social and
psychological research (Bussi and Dahmen 2012).

In contrast with the TLM, the CA better accounts for the heterogeneity of
individual needs and their relationship with the institutional, social and
environmental context in which individuals act. This aspect of the CA has been
applied to policy evaluation in diverse social policy fields, such as social work and
employment policy, where policies are assessed in terms of their capacity of
making people able to increase their opportunities and reach valuable outcomes.

The CA complements the institutional perspective of reducing risks of TLM
by looking at individuals’ potential to act and be, thus accounting for the
individualisation focus of welfare policies. The CA provides analytical tools that
allow the researcher to investigate the interactions between individuals and
institutional arrangements. Thus it helps the researcher grasp the nature of the
institutional answer and the nature of the contract between the citizen (in this case
the young unemployed or social assistance beneficiary) and the State.

In light of the idea of passive empowerment, the research question can be
expressed as follows fo what extent is the institutional set up at the local level able
to compensate for lack of individual active empowerment of young disadvantaged
people?

1.3 The institutional mechanisms of smoothing transitions

From the combination of the two theoretical backgrounds, it derives that
favourable transitional arrangements should include two important aspects
through which institutions deliver passive empowerment and help prevent social
exclusionary transitions: 1) the degree of empowerment of individuals and 2) a
flexible coordination between levels of decision-making as to facilitate the
adjustment of the institutional answer to individual needs and local circumstances.

Activation policies are meant to contribute to create favourable transitional
arrangements insofar as they play an important role in empowering unemployed
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or inactive young people. They do this by promoting training of basic and job-
specific skills and contributing to reduce the risk of erosion and deterioration of
human capital (Schmid and Gazier 2002). They support the acquisition and
strengthening of employability through job-search support and work experience in
order to reduce the negative signals to employers while helping (young) persons
to define their own conception of a valued job (Bonvin and Farvarque 2006).

On the other hand, at an aggregate level, welfare and labour market systems that
are equipped with institutions dealing with the variety of risks rising during
transitions are more successful in reducing the risks over the (several) transitions
in the life-course. Similarly, those systems providing a basic level of income
insurance independent of actual work histories will perform well in reducing risks
associated with transitions (Schmid 2008).

These two criteria will be investigated in the selected case study and target group:
the young people in unemployed and in social assistance in Brussels Capital
Region.
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2  Young people’s transitions and the case study

In this contribution, young people in their early careers are the group of
interest. Young people are considered more at risk in the labour market
compared to adults and are more likely to have unstable trajectories; thus at
higher risks of exclusionary transitions. For this reason, the role of passive
empowerment is most important.

Several quantitative studies on longitudinal data of school-to-work
transitions have adopted an international comparative dimension (Brzinsky-Fay
2006; Wolbers 2007; Quintini and Manfredi 2009). Adopting a cross-national
perspective allows the researcher to investigate at the macro level to what extent
an institutional framework might be more empowering than others at the
moment of crucial transitions in the labour market (Brzinsky-Fay 2006; Erhel et
al 2014).

However, the heterogeneity of the institutional set up across countries
overlooks the impact of single labour market institutions on different social
groups as well as the diversity of the environment in which policies are
implemented.

Focusing on a single case study and looking at the local level allows one to
better grasp the complementarity of institutions and their impact on a variety of
social groups known for their diverse active empowerment.

2.1 The choice of the Brussels Capital Region

The case study is the Brussels Capital Region (RBC). Various reasons
encouraged this choice.

From a national perspective, the Belgian welfare system is not often included in
international comparisons, because it is often associated with the continental
Europe and close to its ‘elder brother’ (France).

Moreover, despite recent reforms, the incomplete transformation of the
welfare system into an active welfare state makes Belgium and the Brussels
Capital Region difficult to categorise it into the well-known “Work-First” of
“Human Capital Development” (Clegg 2007). Its hybrid position makes it more
interesting to define and investigate in terms what kind of passive empowerment
institutions are able to provide.

Further, the complex governance structure makes the complementarity of
welfare and labour institutions more challenging. The system also faces a high
the heterogeneity of the youth population, which is particularly marked in the
Brussels Capital Region, where a considerable share of young people is
unemployed, inactive or living in poverty.

In addition, the focus on the Brussels Capital Region has been chosen
because the decentralisation and local delivery of services for unemployment -
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at the regional level- and for social assistance -at the municipal level- is likely
to increase challenge the implementation of services across local entities.

These issues show the importance of social assistance (CPAS) and social
insurance institutions (PES) and their activation policies in shaping and
potentially reducing the risk of young people’s first transitions into the labour
market.

3 The hypotheses

The investigation of mechanisms (processes) and the effects (outcomes) of
empowering individuals and of coordinated labour market and welfare
institutions should be understood as complementary. The table below brings
together the analyses while specifying the unit of analysis, the dependent and
the independent variables used to answer the hypotheses as well as the methods.

The first hypothesis deals with the overall institutional structure and tries to
understand how labour market and welfare systems intervene on individual
trajectories.

The second hypothesis is connected and complements the first one insofar
as it explores level the impact of single employability measures on individual
transitions at a more disaggregated level. The scope of analysis is reduced to a
single event occurrence and the interaction of individual and institutional
variables is also accounted for.
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Dependent Institutional- Individual-
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coordination  shapes Degree of Probability of o .
o ) ] sk of transition f position in analysis,
individual trajectories Tisk of ransition from the cluster
trajectories unemployment ;
. household, analysis,
) (cluster or social orisin transitio
HI:  Varied  and membership) assistance into £m,
complementary labour employment or previous n
and welfare market education work matrices
institutions favour experience
individual integrative
trajectories into the
labour market.
Looking at the Employability
impact  of  single programmes
employability For CPAS
measures on individual (social Age, gender,
trajectories assistance): neighbourho
Probability of supported od, Competi
H2: ALMPs adopti individual employment education, ng risks
: S “a 0’; ;‘z.ng transition out (article 60) and position in discrete-
an lovabili ”ena ing of education/train the time
employa hl ”{? / . unemployme ing household, event
approach will fi ”ZC,Z,O" nt and social For PES origin, history
;"OZ; as-a on ‘Ze assistance (social previous analysis
ed zng o up wqr s insurance): work
transition mnto CPP (action experience
employment and plan) and RAE
compensate for lack of (job-search
personal disadvantage. programmes)

Table 1 Investigating the coordination of the institutions and the empowering of individuals:
two complementary levels of analysis

4 The choice of methods

If the life-course perspective of the TLM is taken seriously (Anxo and Erhel
2007), then research adopting this framework should consider the whole
sequence of all transitions from one state to another during the life of an
individual. This overall approach to individual trajectories is needed insofar as
one should expect the system of institutions to work as an opportunity structure
in a coherent and sequential manner for each type of different risk that may arise.

To this end, sequence analysis allows one to test whether the existence of
“varied and complementary” welfare and labour market institutions enables
trajectories with a low degree of risk. Sequence analysis is also relevant to
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understand to what extent one trajectory differs from another (Abbott 1995;
Studer and Ritschard 2015); therefore, this statistical technique can reveal
whether the institutional complementarity works for different degree of
individual risks.

In a second step, cluster analysis is used to reduced the complexity of the
results of sequence analysis by clustering together the most similar trajectories.
I also investigated trajectories by looking at the interactions between labour
market institution systems (through transitions matrices) while also identified
who is more likely to have risky trajectories (using regression analysis).

These steps identified the most vulnerable population (i.e. young people with
a migrant background) that is investigated in the second hypothesis and from a
micro dimension.

Beyond trajectories, there is a need to understand what determines the time
spent in a specific state prior to the transition to another state (Abbott 1995).
Hence, from an understanding of sequences as a whole unit, one needs to go
down to the analysis of one single transition. The risk is then investigated in a
step-by-step method and event history analysis is suitable for this aim, i.e. when
there is a need of a fairly deep understanding of the relationship between the
time spent in a (labour market) position and the subsequent state toward which
the person goes (Haplin 2010).

What is interesting about this analysis is its implicit interest in risk: using
event history models allows the researcher to answer the questions: “is the event
under investigation going to take place? If so, when?” (Singer and Willett 2003).
And “under these circumstances and rules, who is going to survive?” (Box-
Steffensmeier and Jones 2004).

The ‘rules and the conditions’ I am interested in are the dichotomous, yet
interactive, concepts of passive and active empowerment that help understand to
what extent individuals’ characteristics, institutional and environmental factors
interact and what results they produce on transitions.

I also argue that analysing both trajectories and transitions' allows me to test
whether an empowering approach to transitions favours this complementarity
by making individuals able — and not only responsible — fo make a safe
transition. The cumulative and subsequent reduction of risk in (single)
transitions should provide the reduction of risk on a longer temporal level —i.c.
in trajectories.

S The sample

A representative random sample of 3000 individuals drawn from a larger
sample was used over an observation period of 6 years, from March 2005 to

'Based on the definitions coming from life-course analysis, I use “transition” to identify
one single movement from one labour market position to another. The word “trajectory” is
used to grasp several movements across labour market and embrace a longer time
perspective. Mortimer, J.T. and M.J. Shanahan. 2006. Handbook of the Life Course:
Springer.
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December 2010 (quarterly observations). In March 2005 young people were
aged between 15 and 30 years old and were all resident in the Brussels Capital
Region. Seven positions in the labour market were identified as relevant:
employed (including self-employed), in education, unemployed (both with and
without work history but with unemployment benefits), social assistance, “stage
d’attente” (i.e. unemployed without work history and waiting for unemployment
allowances), employed with top-ups and other. Being in social assistance,
unemployed, in “stage d’attente” or employed with top-ups are considered as
bridging labour market positions in light of the theoretical background insofar
as they are expected to function as stepping stones which empower young
recipients and make them able to move upwards.

6 A summary of the results

6.1. The quality of trajectories and the institutional
complementarity

After performing Optimal Matching Analysis (performed with the user-
written ado SQ for STATA with “symmetric substitution costs matrix based on
the mean of the transitions' probabilities (p) between every two neighbouring
elements in the sequences”, Brzinsky-Fay et al 2006), cluster analysis was
performed (Ward’s linkage). Four clusters (Smooth — with a prevalence of
employment; Trap — with a prevalence of social assistance; Failure — with a
prevalence of unemployment; Other) were identified?.

The quality of each cluster is measured in terms of the ‘degree of risk’. The
degree if risk is the combination of high/low volatility and integrative capacity
index (with some changes compared to Brzinsky-Fay 2007). Volatility is
calculated as the standardised average of different positions of the trajectories
of a cluster. Similarly, the integrative capacity is calculated out of transitions
matrices and defined as the standardized ratio of between the probability going
from a negative to a positive position and the probability of staying in a negative
position (i.e. relative risk ratio). The degree of risks varies across clusters, with
the Smooth cluster having a high but positive mobility (higher chances of
spending time in positive labour market position) and the Failure and Trap
clusters having, respectively, a negative mobility and negative immobility.

2 The cluster Other is not reported in the analysis due to the lack of
information on the dominant labour market position.
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Table 2: Degree of risk by cluster.

Type of Integrative capacity
risk High Low
Volatility high positive negative
mobility mobility
Smooth Failure
low positive Trapped
stability Trap

Source: own elaboration

Transition probabilities matrices - often used in research adopting a TLM
approach (Leschke 2006; Schmid 2008) - were used, at the cluster level, to
investigate to what extent labour and welfare institutions work as bridges.
Results show that being unemployed, in social assistance or “en stage d’attente”
do not seem to keep their promises of working as bridges for those who are
likely to be more vulnerable, i.e. young people in the cluster with a higher degree
of risk.

Once established the four type of clusters, it is important to define which
individual characteristics are more likely to predict trajectories with higher or
lower degree of risk. This is crucial for the second part of the analysis where
the capacity of compensating — through passive empowerment - for individual
lack of individual active empowerment is assessed.

The results of the multinomial logistic regression of the cluster membership
show that young people with lower “transitional skills” - defined as educational
attainments, weak position in the household, short work experience, poor
neighbourhood and a foreign nationality- are less able to have their positions
into the labour market secured and less likely to enjoy favourable trajectories.

6.2. The results for event history analysis

Looking at single transitions means investigating each single activation
measure and establish to what extent it is able to compensate for the lack of
transitional skills, i.e. accelerating the process out of unemployment or social
assistance.

Informed by the previous results, young people with a migrant background
were chosen as vulnerable group on who the effect of compensating effect of
activation policies could be tested. Having a migrant background was found
closely associated with a wide range of disadvantages, particularly in the RBC,
which cannot be grasped by single socio-demographic variables.

According to the hypotheses and the theoretical account, I expect that the
activation policies that are known to be richer in passive empowerment will be
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more likely to compensate for the lack of transitional skills. This means that they
will predict a higher likelihood of transition out of inactivity or unemployment
towards the labour market.

The variables available describing the type of employability measures were
classified in ordinal variables according to their degree of intensity in passive
empowerment. The example of the CPP (individual action plan) is provided

below.

None Low share of passive A
empowerment

Independent job-search

Action Plan + job guidance

Training

Action Plan + training High share of passive

empowerment \ 4

Fig. 1: Intensity of passive empowerment of CPP (individual action plan) measures.

These covariates are interacted with the variable for nationality in order to
explore to what extent the compensation takes place when comparing young
with a foreign background with young natives who received the same measure.

Discrete-time event history analysis (competing risks) was conducted
separately for young people in social assistance (CPAS) and young people
unemployed (PES).

For young social assistance recipients, I tested the compensating effect of
attending full-time education while receiving social assistance allowances and
being employed in supported employment (aka “article 60”). For young
unemployed people, I tested the compensation capacity of two sets of of
activation measures available namely linked with the individual action plan
(CPP) and job-search activities (RAE).

Results for young people in social assistance show that interaction between
the nationality and being in supported employment does not reveal any
“compensation effect” for the young disadvantaged under the same type of
contract as their native peers. In fact, difference between the probabilities of
exiting towards employment or staying in social assistance are not different for
natives and non-EU/EU employed in supported employment.

Similarly, the expected compensating effect of attending full-time education
for young disadvantaged compared to natives does not seem to work. In fact,
young people with a migrant background seem penalized from attending some
education/training as they are twice as likely to exit towards unemployment
compared to young Belgians.
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As for young people in unemployment benefits, findings from the two sets of
activation measures show the the compensatory effect of activation measures is
limited.

For the job-search measures, the interaction between the variable of origin
and the activation programme did not improve the model. Only conclusions
related to the main effects of different types of programmes could be drawn.
Findings show that young people who benefited from the empowering and
bridging effect of an intense coaching (intense and individual) are much more
likely to exit towards education than employment.

At the same time, when comparing exits towards employment and social
assistance, young people who received an intense coaching are also more likely
to end up in social assistance.

These results suggest that — although being conceived as leading to
employment — more intense measures might bring to the surface other specific
individual needs, such as lack of education and training or lack of adequate
income which geared young people towards other services than the labour
market.

As for the second set of measures linked with the action plan, results of the
interactions between each of the measures and the variable for the origin show
that, young people with a migrant background have higher likelihood of
remaining in unemployment, and this independently from the type of measure
undertaken.

7 Conclusions

From this contribution, two aspects are esteemed important.

First, the combined theoretical background is a first step towards a more
holistic perspective on activation measures that include both an individual and
institutional perspective. Although this work was limited to the identification of
the passive empowerment, the definitions of passive and active empowerment
open to a more interactive perspective of the impact of activation policies on
young people’s trajectories. The definition of passive empowerment has also
allowed to classify the measures in terms of their capacity of providing
empowerment in relation to individual needs and not in terms of their costs or
length.

Moreover, the combination of sequence analysis and event history analysis
has brought together two levels of analysis of the institutional action - yat the
aggregate with the coordination of institutions and at individual level with the
empowerment of individual - which are not often used together but that broaden
the research agenda for life-course research (Aisenbrey and Fasang 2010).
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Discovering and Explaining Patterns of Work-Family
Reconciliation in Luxembourg.

Analysis of Administrative Records.

Nevena Zhelyazkova - Gilbert Ritschard

1 Introduction

This abstract presents an analysis of administrative records from Luxembourg
whereby the work-family trajectories of parents are re-constructed and analyzed
using tools from state sequence analysis (see Abbott 1990; Abbott and Tsay 2000;
Aisenbrey and Fasang 2010; Gauthier et al. 2014) and a clustering algorithm is
applied to search for typical patterns. In the final step available co-variates are
linked to cluster membership via a multinomial logit model.

From a theoretical point of view, this analysis draws on the life-course perspec-
tive (Elder and Giele 2009). In short, the life-course perspective recognizes that life
courses are: longitudinal; emerging as a result of continuous interaction between
individuals and the social structure; influenced by the historical and geographical
context; affected by the timing of events; interconnected with the life courses of
others. As outlined in McDaniel and Bernard (2011) and Bernard (2007) the life
course perspective can guide academic research and the dialogue between policy
makers and academics and provide new insights for policy making. Recognizing
that human lives are more than the consecutive events that take place in each
life trajectory, the life course perspective can guide the design of comprehensive
provisions to build and preserve social, health and human capital through all life
stages.

Administrative records for the analysis have been provided by the Inspection
générale de la sécurité sociale (IGSS) in an anonymous form. The data set covers
over 10 000 persons and the substantial time span of eight years. The admin-
istrative records describe actual behaviour of individuals, which is of particular

N.Zhelyazkova
Paris Dauphine University & UNU-MERIT
E-mail: nevena.zhelyazkova@dauphine.fr

G. Ritschard
NCCR LIVES, University of Geneva
E-mail: Gilbert.Ritschard@unige.ch



144

ZHELYAZKOVA, N. & G. RITSCHARD

2 Nevena Zhelyazkova, Gilbert Ritschard

relevance for the analysis of leave policies as survey respondents have been shown
to not always accurately report their parental leave status (Chan et al. 2012).

Luxembourg is a small country located in the heart of Western Europe, char-
acterized by a very high GDP per capita, high employment rate and a high share
of international labour migrants. Although findings from Luxembourg could not
directly generalize to larger European countries, the size and the composition of
the workforce make it comparable to many European regions, especially around
large cities (Brosius and Ray 2012). The high proportion of foreign in-commuters
particularly resembles that of regions with a dynamic economy located close to in-
ternational borders, such as, for example, Geneva, Ticino and Basel in Switzerland
(OECD 2011, see).

At the descriptive level, the collective analysis of the career trajectories of
working parents shows that women tend to reduce their labour market participa-
tion after having a child. Taking parental leave full-time could result in both a
transition back to employment or into withdrawing from the labour market, while
part-time parental leave seems to be part of an overall strategy to reduce working
hours after having a child. Interestingly the trajectories of mothers who took leave
and who did not take it, did not seem to differ systematically before the event of
the birth of the child. However, the trajectories of fathers who take parental leave
and who did not were different even before the child is born. This suggests that
use of parental leave of mothers can be seen more as reaction to the event of birth,
while for fathers it may be related to a longer-term lifestyle preference.

To move the analysis to the analytical level, first a distance matrix has been
computed. Next, a clustering algorithm has been applied to search for typical pat-
terns. Finally, co-variates have been linked to cluster membership using a multi-
nomial logit model.

The distance matrix has been computed using the Longest Common Subse-
quence (LCS). Elzinga (2007) (in Gabadinho et al. 2011, p.28) shows that using
LCS is equivalent to using OM with constant indel costs (1) and substitution costs
(2). LCS was chosen because it is more sensitive to duration than to sequencing.
From a social security point of view it is most important to identify long-term
trends, such as long-term transition to part-time hours of work or long spells out-
side the labour market. It is important to note that using the LCS method is based
on a constant substitution and indel cost. In other words, the cost of substitutions
between any two states is the same. Similarly, inserting a state has the same cost
regardless of what states it is inserted next to. This implies an assumption that
all states are equally different from each other.

For this study it was considered appropriate to use a hierarchical clustering pro-
cedure and not a partitional one because there was not enough prior knowledge or
guidelines, which could have been used to pre-suppose the number of clusters. An-
other reason to choose a hierarchical procedure was that it has become somewhat
of a standard in the sequence analysis literature. More specifically, agglomerative
hierarchical clustering with Ward’s method has been very frequently applied in
previous literature, although it is acknowledged that this choice is mostly a result
of convention Martin et al. (2008, p.186).

In order to choose the appropriate number of clusters, the cluster diagnostic
tools proposed by Studer (2013) have been applied. He suggests using a number of
measures of cluster quality available in the literature, which together can provide
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some indications as to where to stop the clustering. These measures could also be
used to compare the results obtained through different clustering algorithms®.

The cluster analysis was initially performed under the assumption that the tra-
jectories of mothers and fathers are entirely different from each other. Accordingly,
the clustering was performed separately for both samples. A qualitative comparison
of the obtained clusters, however, revealed that there are actually more similarities
than differences in the trajectory types. The distribution of number of parents in
each type is different (women, for example, were overrepresented in clusters dom-
inated by part-time work). The types of clusters however, were not as different
as expected. Therefore the analysis was performed again on the pooled sample
of both types of trajectories. This has made it possible to compare directly the
numbers of men and women in the same cluster.

The results of clustering algorithm applied in this analysis identified nine dis-
tinct groups of parents, summarized in Table 1. The gender difference became
apparent in the varying male to female ratios in each cluster. The majority of
the male trajectories were classified in the career types described by continuous
full-time or overtime employment both before and after the birth. In comparison
only about one third of the women’s trajectories were classified in such clusters.
A large fraction (about one third) of the mothers were classified in the trajectory
types where the event of the birth marks a clear turn in the trajectory compared to
the pre-birth period marked either by a reduction in the working hours or a with-
drawal from the labour market. In addition, a large proportion (over 20 per cent)
of the female trajectories were classified in clusters characterized by continuous
part time employment.

The results from the analysis of the sample of mothers lend partial evidence
to an economic justification of women’s career decisions. Lower opportunity cost
(in terms of foregone salary earnings) does seem to be associated with higher
probability to leave the workforce. More children and the presence of a spouse
in the household also make it more likely that a woman will leave her pre-birth
employment than maintain a continuous full-time career track. However, these
factors do not seem to be associated with a higher probability for women to reduce
employment hours from full time to part time after having a child.

The results of the same analysis on the male sample provide further insight
into the gendered nature of the relationship between employment and family. For
both men and women higher levels of earnings and positive salary growth in the
previous months are associated with higher odds of being in the cluster charac-
terized by continuous full-time employment. Similarly to married women, married
men are more likely to be in employment types characterized by less-than-full-time
employment relative to having continuous full-time trajectories. However, in con-
trast to the results for women, the results for men suggest that presence of other
children in the household does not seem to be associated with higher odds of being
classified into one of the career types with reduced labour market participation.

1 The diagnostic tools are available in the WeightedCluster (Studer 2013) package, which
runs under the free statistical and programming environment R (R Core Team 2015).



146

ZHELYAZKOVA, N. & G. RITSCHARD

4 Nevena Zhelyazkova, Gilbert Ritschard
‘Women Men
Count Per Cent Count Per Cent

(1) Continuous part-time careers (20 - 39 hrs/week)

838 19 % 185 3%

(2) Continuous self-employment

142 3% 302 5%

(3) Continuous full-time careers

675 15 % 1924 33 %

(4) Continuous overtime hours intermittent with part-time hours

477 11 % 2408 41 %
(5) Transition to labour market inactivity after birth in 2003

523 12 % 22 <1%
(6)Reduction of working hours after birth in 2003

682 15 % 39 1%

(7) Continuous part-time careers (<=20 hrs/week)

307 7% 63 1%

(8) Continuous full-time careers with some irregular hours

439 10 % 662 11 %
(9) (Possibly) leaving Luzembourg after birth in 2003

398 9% 222 4%

Total

4481 100 % 5827 100 %

Table 1: Cluster sizes for men and women.
Notes: Counts and percentage correspond to the results obtained through cluster-
ing of the pooled data set.
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1 Introduction

Within the social and economic sciences and of particular interest to demographers are life
course events. Looking at life sequences we can better understand which states, or life events,
precede or are precursors to vulnerability (Marshall, 2011). A tool that has been used for
policy evaluation and recently has been gaining ground in life course sequence simulation is
dynamic microsimulation. Within this context dynamic microsimulation consists in gener-
ating entire life courses from the observation of portions of the trajectories of individuals of
different ages.

A more general, and perhaps technical, definition would be that microsimulation uses
micro-data collected on micro-units and, based on a set of rules (models) which are esti-
mated, simulates the outcomes of these micro-units within a given system (Orcutt, 1957).
To better illustrate this concept, lets take an example. An example of micro-data could be
longitudinal data collected on individuals (the "micro-units") within Switzerland (the "sys-
tem"). Assume there are longitudinal labour market data on these individuals and that the
goal is, within the Swiss context, to project the labour market outcome for these individuals
over time. The first step is to determine if an individual employed at the current time period
would be more likely to remain employed in the following time period. In other words, what

is the probability that this individual remains employed? What is the probability that this
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individual from being employed transitions to unemployment? Conversely, what is the prob-
ability that an unemployed individual remains unemployed? Or that from unemployment she
or he transitions into employment? These questions concern transition probabilities, and such
transition probabilities would need to be estimated from the data using probability models.
So the "rules" in this case would be transition probabilities, which would be estimated using
probability models. The estimated transition probabilities could then be applied to simulate
the future labour market outcomes of these individuals.

In this work, we aim to use dynamic microsimulation in order to analyse individual
professional trajectories with a focus on vulnerability. The primary goal of this analysis is to
deepen upon current literature by providing insight from a longitudinal perspective on the
signs of work instability and the process of precarity.

An interesting feature of microsimulation is that it extends the range of possible uses of
existing data. This is particularly important because within data collection funding is often
an issue. As a consequence sample size as well as the time frame of data-collection are often
limited. Additionally, the issue with data-collection is that oftentimes the data are used
for a specific purpose by a research team and then are of limited use to other researchers.
These reasons motivate the secondary goal of this work which is to show how, by using
microsimulation, data collected for one purpose can be analysed under a different scope and
used in a meaningful way.

The data to be used in this analysis are longitudinal and were collected by NCCR-LIVES
IP207 under the supervision of Prof. Christian Maggiori and Dr. Grégoire Bollmann. In-
dividuals aged 25 to 55 residing in the German-speaking and French-speaking regions of
Switzerland were followed annually for four years. At the initial time period there were 2469
participants and the sample was roughly representative of the active Swiss population with
women and the unemployed slightly over represented (Maggiori et al., 2014). These individ-
uals were questioned regarding, inter alia, their personal, professional and overall well-being.
At the end of the fourth and final wave, there were 1131 individuals who had participated
in all four waves. The sample remained representative of the Swiss population with women
and the unemployed slightly over represented.

Using the information collected from these surveys, we use simulation to construct various
longitudinal data modules where each data module represents a specific life domain. The
demographic module for instance would consist of: age, marriage, children, etc., whereas
the education module would consist of: primary education, secondary education, tertiary
education. We postulate the relationship between these modules and layout a framework of
estimation. Within certain data modules a set of equations are created to model the process

therein. For every dynamic (time-variant) data module, such as the labour-market module,
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the transition probabilities between states (ex. labour market status) are estimated using a
Markov model and then the possible outcomes are simulated.

The benefit of using dynamic microsimulation is that longitudinal sample observations
instead of stylised profiles are used to model population dynamics. This is one of the main
reasons large-scale dynamic microsimulation models are employed by many developed nations
(such as the USA, Canada, Australia, the UK, France, the Netherlands, Sweden, Japan, etc.);
thorough reviews of such models can be found in O’Donoghue (2001), Zaidi and Rake (2001),
Cassells et al. (2006), Li and O’Donoghue (2013). There has been limited use, however,
of such approaches with Swiss data. This work contributes to the analysis of professional

trajectories of the active Swiss population by utilising dynamic microsimulation methods.
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Mechanisms of the transition to adulthood: an
application of Hidden Markov Models

Y. (Sapphire) Han, A. C. (Aart) Liefbroer and C. H. (Cees) Elzinga

Abstract An increasing number of studies focuses on understanding the processes
underlying the transition to adulthood. However, the transition to adulthood is
a complex process of a series of events that are often interlinked. Even though
life courses are greatly varying sequences of roughly the same life course events,
the complexity is caused by the fact that these sequences consist of correlated
events and spells and these correlations depend on gender, social class, cohort and
cohort-related macro events. Our previous work demonstrated that the application
of stochastic models like the Latent-Class model helps to describe the variation in
life courses and its correlation with gender and social class. But the Latent-Class
model cannot account for correlated events within life courses nor can it account
for switches between latent types during the life course. We argue that (Hidden)
Markov models, as a simple generalization of the Latent-Class model, has the abil-
ity to account for correlations between events and spells and also allows for switches
between latent types or model life courses. Therefore, this study will use (Hidden)
Markov models to produce a typology of trajectories of the transition to adulthood.
Furthermore, we will test hypotheses on social class- and gender differences in
observed life courses and latent types or model-life courses, using data from the
Gender and Generation Programme (GGP), which provides full monthly life course
sequence data between age 15 to 40.
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1 Introduction

The ultimate goal of life course research is to understand how life courses come
about and what variables affect their shape. Essentially, this is a holistic question: to
answer it requires the postulation of a mechanism of the generation of the complete
life course. Holistic life course models must satisfy a few simple properties. First,
these models must have a memory, a sense of the past, as it is generally assumed
that events in the early stages of the life course may affect stages or outcomes later
on [Mayer, 2009]. A second requirement is that the process that generates the life
course, is affected by variables that that are supposed to influence the life course:
gender, religion, parental education, etc. Finally, the model should be formulated
in terms of a process that is not directly observable: since the life course is gen-
erated through mental, not directly observable, processes that are conscious or un-
conscious, and decisions that are voluntary or involuntary. Of course, such models
should be testable and amenable to causal analysis.

Over the past decades, life course research has been dominated by two differ-
ent paradigms: Event History analysis (EH) [Blossfeld et al., 2007] and Sequence
Analysis (SA) [Cornwell, 2015]. EH-models are not holistic: they try to explain the
waiting times for certain life course events to occur and the SA-approach leads to
finding most frequent patterns in the wide variety of observed life courses, but it
does not account for this variety. Recently, we have seen other methods and models
being applied as well, for example Latent Class analysis [Barban and Billari, 2012]
and Structural Equation Models [Pakpahan et al., 2015] but neither of these meth-
ods satisfies all of the three requirements as formulated above.

However, there is a broad class of models that does satisfy the above require-
ments: the class of so called Hidden Markov Models. These models have a memory
in the sense as intended, they allow for time-constant and time-varying covariates
and are formulated on the basis of a latent, hidden, random process over a finite set
of states, a Markov chain. The models are testable in the sense that their parame-
ters can be estimated [Bartolucci et al., 2012, Rabiner, 1989] and easily allow for
causal analysis once formulated as a log-linear regression model [Paas et al., 2007].
Hidden Markov Models belong to a larger family of latent structure models that has
been amply described by [Langeheine and Van de Pol, 1990, Vermunt, 1997].

This paper aims to model the life course, confined to the relatively turbulent
transition to adulthood, through using Hidden Markov Models. The transition to
adulthood is usually described by a collection of events [Elder Jr, 1985] from which
two correlated processes can be distilled [Buchmann and Kriesi, 2011]: the school-
to-work transition and the process of family formation. Here, we provide an example
that solely focusses on the transition into adulthood in the family domain, as there is
a large body of literature on the processes involved. More specifically, we example
the family-life trajectories of French men and women born between 1956 and 1965,
using data from the French Generations and Gender Survey (GGS).

The paper is structured as follows: in this lengthy introduction we discuss the
main concepts of Hidden Markov Models and make some general remarks on their
application to life course research, Section 2 discusses our data and methods used,
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Section 3 discusses our results and Section 4 summarizes, concludes and suggests
further research.

1.1 Hidden Markov Models

Hidden Markov Models generalize the much simpler idea of a Markov chain. A
Markov-model or Markov-chain is a random process over a set of states such that the
probability of being in a particular state at the next observation only depends on the
state-history of the process. If the relevant state history just consists of the present
state, such a chain is called “first-order”. Figure 1 shows a graphical representation
of a first-order 2-state Markov-chain and its matrix of transition probabilities.

Fig. 1 A graph showing a first-order, 2-state Markov chain and its transition probability matrix A.
The states are labeled as “0” and “1” and the arrows represent the transition probabilities.

@—=@>  *w-(3)

Let us denote the k distinct states of a Markov chain as Q = {q1,...,qx } and let S;
denote the state that the system is in at time ¢, i.e. S; could have any of the “values”
or labels from the set Q. Then we say that a random process over Q is a first-order
Markov-chain, precisely when

Prob(S; = qj|So...Si—1) = Prob(S; = qj|Si—1 = qi) = aij, (D

and we denote this probability by a;;. If we now define the initial state-probabilities
as Prob(Sy = q;) = m;, the Markov-chain A is fully defined by the k-vector @ =
(my,...,m) of initial state probabilities and the k x k-matrix of transition probabili-
ties A = {a;;}: A = (w,A).

In an ordinary Markov chain, transition probabilities depend on the present state
only (see Equation (1)). However, it is easy to extend this model to account for the
effect of covariates. Let v and w; denote vectors of time-constant and time-varying
covariates. Then a direct extension of the Markov-chain model is formulated as

Prob(So = qi|v,w;) = m;(v,w,), 2)
Prob(S; = q;|So - -Si—1,V,W;) = Prob(S; = q;|S;-1,V,W:) = qi) = Gjjlyw,- (3)

Clearly, this formulation implies a separate Markov-chain for each point in the
(v, w;)-space.

A Markov chain could be used to model a set of observed life course sequences
by simply identifying each of the observed states as a model state and estimating
the transition probabilities from the relative transition frequencies of the observed
sequences. The result of that would be a more or less accurate summary of the
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observed transition frequencies. However, it would not lead to a credible model for
the way these sequences were generated. Therefore we now turn our attention to an
extension of the Markov chain: the Hidden Markov Model.

In a Hidden Markov Model (HMM), the Markov chain is defined over a set of
latent, unobservable states. So, the stochastic process as such is not observable. Fur-
thermore, it is supposed that, at each state, the process ’emits’ an observable (an
observable can be univariate or multivariate) according to a state-specific proba-
bility distribution over the full set of observables, in the present context the ob-
servable states of a life course. Thus, in a k-state HMM with a set of observables
Y ={y1,...,yn}, there must be a set B of k state-specific probability distributions
b= (bj1,...,bju), each satisfying ¥, b; = 1:

bji = Prob(o; = yils; = q;). 4)
This allows us to represent the set B as a (k X n)-matrix

bi1 ... by b
B=1| - ]=]: ®)
big ... by by

whereof each row is a distinct probability distribution over the observables and the
complete HMM A = (7,A,B) is specified by the initial state distribution 7, the
(k x k)-matrix A of transition probabilities and the (n x k)-matrix B of emission
probabilities.

In Fig. 2, we show a graph of the HMM-generated events in a time-window
(t—1,t+1): at r — 1, the system arrives in state S;_; and emits observable o;_;
(governed by B) and then switches to state S; (governed by A) and again emits an
observable, etc.. The reader should be aware that the system may, depending on the

Fig. 2 A graph showing the time-window (z — 1,7 + 1) of a Hidden Markov process. At each time
t, the system is at some latent state S; and emits an observable. Note that the hidden state S; is not
necessarily different from S;41. The observable is a random sample from the set of observables,
according to a probability distribution that is specific for each state g;, i = 1,... k.

011 Oy Or+1

C)r—O—

probability aj;, actually stay in the same state j for quite a while and during that
time emit various different observables. Similarly, the observables may remain the
same for quite a while, at the same time but “below the surface”, the system actually
switches state several times. In practice, if we observe that people stay in the same
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observable state for many years, it is to be expected that the diagonal elements of A
are relatively big, i.e. close to 1.

1.2 Modelling with HMM’s: Some practical considerations

Let O; = 0;; ...0;r denote an observed sequence from a set O = {Oy,...,On} of
such sequences and let Prob(O;|A) denote the likelihood of that sequence, given
the model. Furthermore, let Q; = g ...q;r denote the path along the latent states
that maximizes Prob(Q;|0;, 1), i.e. the latent sequence that “best accounts” for the
observations, given the model.

Being able to calculate the likelihood of the observations given the model is a
precondition for EM-estimation of the parameters of the model and calculating
Q;, the most probable latent sequence, is a precondition for a substantive inter-
pretation of the model. Both problems, evaluating Prob(O|A) [Baum et al., 1970],
and calculating Q; [Viterbi, 1967] were already solved in the sixties of the pre-
vious century and have been amply described in many sources [Rabiner, 1989,
Zucchini and MacDonald, 2009, Bartolucci et al., 2012]. Here, we will not deal
with the intricacies of these methods. Instead, we will discuss some practical issues
that are related to these methods and their output.

First, one should be aware that evaluating a HMM involves the estimation of
quite some parameters: with k postulated latent states, we have to estimate k — 1
parameters 7;; k— 1 since we must have that ):5‘ 7; = 1. Likewise, we have to estimate
k(k — 1) parameters to obtain A and k(n — 1) parameters to get B. So, the surface of
the likelihood function Prob(O|A) is quite irregular and therefore, attempts to find
its maximum, be it through EM [Dempster et al., 1977] or through any other method
like simulated annealing [Andrieu and Doucet, 2000], will most often converge to a
local instead of the global maximum. Extending the HMM to incorporate covariates
will only aggravate this problem. Therefore, the estimation of a HMM should be
repeated quite some times to find a configuration (fr,&ﬁ) that (probably) comes
close to the maximum sought for. For example, peeking around the corner of our
modelling life courses with HMM'’s, we display the density of the BIC-values as
obtained over 1000 repetitions of estimating a 4-state model. Clearly, these BIC-
values are quite different, as are the underlying configurations (ﬁ:,A, ﬁ) Obtaining
this curve took almost three hours of computation time and quite some memory.
Increasing the number of states and the number of trials soon requires unfeasible
computation times and memory for this exercise.

However, we do not consider this to be a serious problem for applying HMM’s
to model life courses. Normally, the size of the observation alphabet will be small
and the number of postulated states k will be rather small too. The latter number
should reflect the number of stages or states in which the subjects will take demo-
graphic decisions and these decisions are small in number; they pertain to leaving
the parental home, partnering, reproducing and, eventually, returning to the parental
home or breaking up a partnership. Therefore, in practice, k should be small. Con-
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Fig. 3 BIC-density plot as obtained from repeating the estimation of a 4-state HMM 1000 times
with random initial values.
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sidering the big data sets that social demographers use today, it is to be expected
that the optimal value of the information criteria that we use to evaluate the fit of
a HMM - variants of minimum-)?2, AIC or BIC - cannot be good indicators of the
optimal number of latent states as these indicators will drive us to accept large num-
bers of latent states while substantive interpretation is problematic. Rather, the size
of k is to be fixed on a theoretical basis: can we assign a credible interpretation to
these states in view of the latent trajectories and the way these trajectories and the
emission distributions, i.e. the probability of picking particular behavioral, demo-
graphic alternatives, change as a result of covariates that pertain to societal pressure
on rather than social capital of the subjects studied.

Then how do we start interpreting the latent states? A first clue to this interpre-
tation is provided by studying the latent state sequences over time and evaluating
the probabilities Prob(S; = q;|t,A), t =1,...,T, j=1,...,k, i.e. the relative fre-
quencies of state occupancy, aggregated over the sample studied. Again peeking
around the corner of our analysis yet to be presented, we show a plot of these rela-
tive frequencies for a 4-state HMM in Figure 4: This plot shows something that is
not evident from the estimated transition probabilities: most subjects start in the la-
tent state labeled as LS1 so it should be associated with a decision about leaving the
parental home and this should be reflected in the emission probability distribution
over the observables: it should be characterised by a relatively high probability of
emitting the event “leaving the parental home”. So, the marginal state occupancies
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Fig. 4 Plot of the marginal probabilities over time of latent state-occupancy in a 4-state HMM.

Ls
0.289

1 2 3 4 6 6 7 8 8 10 11 12 13 14 16 18 17 18 19 20 21 22 23 24 25
Year

over time and the emission distributions will help us to interpret the latent states.
However, these considerations do not suffice for a credible interpretation.

A credible interpretation can only arise in the light of the way covariates affect
the parameters of the model: do the estimated effects of covariates corroborate, or at
least are not at variance with, the knowledge that we already have about the effects of
these covariates on the occurrence and timing of life course events. For example, we
may expect that low-educated will enter parenthood earlier than high-educated and
this should be reflected in the differences between transition probabilities and/or the
emission probabilities of lower- and higher-educated. Therefore, it is not enough to
only evaluate a HMM as such: we need to enrich the model with relevant covariates
in order to decide on the credibility of the interpreted model.

How to incorporate covariates into a HMM? Thereto, we consider the likelihood
Prob(O;|A,v) of a particular sequence O; from a set O = {Oj,...,Oy} of such
sequences, wherein v denotes a vector of covariates. Since, according to the model,
the observed sequences result from the latent sequences Q;, we can decompose this
likelihood as follows:

Prob(O;|A,v) = Prob(0;,Qi|A,V) 6)
= Prob(0;|Qi,A,v)Prob(Q;|A,V), @)

and thus, the likelihood of our data given the model can be decomposed as

Prob(O|A,v) = [ [ Prob(0i|Qi, A,v) [ | Prob(Qi|A,v), ®)

“operational” “structural”
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the multiplications arising from the assumption that the sequences have arisen in-
dependently from each other. From the latter Equation 8, we observe that the total
likelihood of our data given the model can be decomposed into two separate parts.
The second part is called the “structural” part of the model since it pertains to the un-
observable structure (the transition probability matrix) of the stochastic process over
the latent states, the components of the postulated model. The first part of the mul-
tiplicative structure (additive if we consider log-likelihood) we called “operational*
for two reasons. The first reason is that we may consider the emission probabilities
as choice-options given the latent state the person is in. For example, if the subject
is in a state where partnering is the key issue, it may chose between different op-
tions to operationalize the positive choice for partnering: marriage, cohabitation or
a relational agreement without living together. The second reason for calling this
part “operational” is the fact that, given our belief in the validity of the number and
structure of the latent states, this part of the model is affected by our way of op-
erationalizing the life course in observational labels: choosing a different alphabet
will affect the model fit without altering the structural validity'. Unfortunately, we
cannot separate these parts of the model when assessing the model’s fit as the ob-
servations are our only entry to the latent, structural part of the model. Therefore, it
is not wise to have the same covariates play a role both in the structural and in the
operational part of the model as it would severely hinder the substantive interpreta-
tion of the model. Here, we prefer to assume that covariates do not have a role in the
operational part of the model, i.e. we assume that

Prob(0;|A,v) = Prob(0;|Q;,A)Prob(Q;|A,V), )

or, equivalently, that only the initial and state transition probabilities are affected by
covariates. The reason for this preference is that we know that most life courses in
developed countries only differ in the timing and duration of the various stages on
the rout to adulthood. This implies that, in most countries, the behavioral alternatives
and the order in which they are expressed are roughly the same for most people.

1.3 Applications of HMM

HMM’s have been successfully applied in several fields [Bartolucci et al., 2012], in-

cluding but not limited to psychological and educational measurement [ Vermunt et al., 1999],
medicine and health [Cook et al., 2000], criminology [Bijleveld and Mooijaart, 2003],
marketing and related fields [Paas et al., 2007], interactions during survey-interviews
[Elzinga et al., 2007] and labor market research [Richardson et al., 2011]. However,

we have not yet seen the application of HMM’s to life course research. One reason

1 [Bartolucci et al., 2012] call this second part of the model the *'measurement model’. This is
adequate when the observables contain a measurement error as is often the case in responses
to psychological test or survey items; in life course encoding such errors are rare (but see
[Manzoni et al., 2010]).
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for that could be that only recently, big demographical data sets, cheap software and
fast PC’s have become widely available.

2 Data and Method

2.1 Data

The Gender and Generation Programme (GGP) is a Longitudinal Survey of 18-79
year olds in 19 countries that that examines the relationships between generations
and genders, by collecting nationally representative data in all participating coun-
tries. [Fokkema et al., 2016] provide extensive information on design and represen-
tativeness of the GGS. In this study, we select respondents (males and females, in
total 1900) in the France GGP data of a cohort between birth year 1956 and 1965.
In the selected dataset, full annual fertility, partnership and leaving parental home
information between age 15 and 40 are available and background information such
as gender, education level, parental education, parental divorce.

To demonstrate the application of HMM, we construct a multi-channel sequence
dataset of respondents’ fertility history (4 categories: no child, 1 child, 2 children,
3 and more children), partnership history (3 categories: single, cohabitation, mar-
riage), and leaving parental home (2 categories: yes or no). To investigate the link
between background variables, we include gender (2 categories: female and male)
and education level (2 categories: high and low). To visualize the multi-channel se-
quence dataset, four sequence index plots separated by gender and education level
are shown in Figure 5 (a) and (b). Take Figure 5 (a) left panel for example, it contains
the fertility (4 categories), partnership (3 categories) and leaving home annual in-
formation throughout young adulthood (age 15 - 40) of high educated male respon-
dents. The complexity of the dataset is obvious: it contains 24 categories (4 X 3 X 2)
of 25 repeated annual measures.

Insert Figure 5

2.2 Method

During the analysis, the selected multi-channel sequence dataset was fitted to hidden
Markov model (HMM) with hidden states equals 3-6, each of a time-homogeneous
model with 1000 random starting values. This paper selectively shows the result of
HMM 4 state solution as proof of concept of the application of HMM in the tran-
sition to adulthood research. Two types of covariates, i.e., gender (female vs. male)
and education (low vs. high) were introduced in the latent model of HMM 4 state
solution (also a time-homogeneous model with 1000 random starting values). The
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reason of using 1000 random starting values for HMMs is to reduce the influence
of local maximum. The estimation procedure of HMM relies on Baum-Welch or
EM (Expectation-modification) algorithm [Rabiner, 1989]. With the increment of
hidden states, the number of parameters to be fitted also increase drastically. Dur-
ing the analysis, it is found out that for the given dataset, HMM 6 state solution
is unstable. It took more than 1 GB in the RAM, and 1000 random starting value
repentances were not enough to generate stable solution. It might be possible to
perform HMM with high number of hidden states on HPC (high performance com-
puting) environment. HMMs with hidden states from 3 to 5 generate stable solution.
Choosing the HMM with 4 hidden states is due to the fact that it largely reduce the
data complexity at the same time providing substantively interesting interpretation.

All analyses were performed in R environment for statistical computing and
graphics in a 64 bit PC with 32 GB RAM. R packages LMest [Bartolucci et al., 2015]
and markovchain [Spedicato et al., ] were utilized for Hidden Markov models. Se-
quence visualization and related techniques were performed by R package TraMineR
[Gabadinho et al., 2011].

3 Result

In this section, results of fitting HMM 4 state solution (without and with covariates
in the latent model) to the multi-channel France GGP sequence data are presented.
In each model, the time cost, the model fit parameter (BIC), the output parameters
(initial probability distribution 7, transition probability distribution a;; and emis-
sion probability distribution b;), the visualization and interpretation of these output
parameters and the mechanisms revealed by HMM are presented.

3.1 Hidden Markov model 4 hidden state solution

The HMM with 4 hidden states were performed with 1000 random stating values to
reduce the influence of local maximum. It took 2.6 hours and achieved a minimum
BIC of 115961. The fitted HMM with the lowest BIC was chosen as the HMM 4 so-
lution. The interpretation of the HMM is based on its output parameters, i.e., initial
probability distribution, transition probability distribution and emission probability
distribution. As described in Introduction Section, initial probability distribution re-
veals the proportion of hidden states that respondents occupy in the beginning of
their life courses; transition probability distribution reveals the transition rate (per
year in this study) to other hidden states once respondents arrive at a certain hidden
state; emission probability distribution links the hidden states to the observed life
course.

The output parameters are shown in Table 1 (the hidden states are ordered as *A’,
’B’, ’C’ and ’D’). It is difficult to interpret these number without graphic illustra-
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tion. Latent probability distribution graph (shown in Figure 6) is useful as a first step
to interpret Table 1. This graph is based on the initial probability distribution and
transition probability distribution shown in Table 1. There are four curves represent-
ing the dynamics of the four hidden states during respondents’ 25 year young adult
life course. Curve A is the state where almost every respondent begins with, and
the proportion of respondents in this state has been dropping ever since. Curve B
shows that, between age 20 and 30, overall majority of respondents take this hidden
state. Proportion of respondents in state B starts increasing since the age 15 until
the age 22. Curve C also shows a ’first increase then decrease’ pattern as state B,
however, proportion of respondents in this state is always lower than state B and the
timing of decreasing (age 30) is later than that of state B. Curve D indicates that the
proportion of respondents in state D keeps increasing throughout the whole young
adulthood and becomes the majority after age 30.

Insert Table 1
Insert Figure 6

To understand the mechanisms behind the dynamic transition between these la-
tent states, one can plot the state transition graph. As shown in Figure 6, from start-
ing state A, one is 14 times more probable to transit to state B than to state C,
given the transition probabilities of 0.14 (A to B) and 0.01 (A to C) in Table 1.
Combined with emission probability distribution, state A is featured as being single
(probability = 0.97), no child (probability = 0.99) and living with parents. State B
is featured as being single (probability = 0.53), cohabiting (probability = 0.27) or
married (probability = 0.20), no child and left parental home, whereas state C is fea-
tured as being single (probability = 0.17), cohabiting (probability = 0.25) or married
(probability = 0.59), 1 child and left parental home. State C can be reached also from
state B, which is 9 times more probable from State A. From state C, one can transit
to state D. State D is an absorbing state, which means once one arrives at this state,
transition to other states is not possible any more. State D is featured as low prob-
ability of being married (probability = 0.76), having 2 (probability = 0.68) or more
(probability = 0.33) children. Summarizing the information given by Table 1, Figure
6 and Figure 7, one can interpret these four hidden states as inclinations of transi-
tion, reflecting the respondents’ tendency to act during the stay of a certain state.
Respondents in state A as the beginning of young adulthood: they are single, living
with their parents, and having no child. They are also probably in school or training
for future employment, which are not observable in the current dataset. Their life
course activities are preparing them to leave parental home and start an independent
life. Therefore, state A can be interpreted as inclining ’Leaving home’. Respondents
are mainly in state B between age 20 and 30: they have different partnership status
(mainly being single probability = 0.53), left parental home, and having no child.
In this state, respondents’ behaviors in are preparing themselves in ’Family forma-
tion’. In state C, the probability of partnership status shows high proportion of being
married (0.59) and respondents already have one child. This state can be interpreted
as 'Family extension’. State D, the absorbing state, is the ’Family completion’ state.
The young adulthood life course end at age 40, where the observed life course stops



166 HaN, Y., A. C. LIEFBROER & C. H. ELZINGA

12 Y. (Sapphire) Han, A. C. (Aart) Lietbroer and C. H. (Cees) Elzinga

in this study. Note that, the above-mentioned transition pattern applies to the whole
sample, but respondents from different background (gender or education) may have
different transition rate between states. The hidden Markov model with covariates
are useful in studying the differences between social classes.

Insert Figure 7

After interpreting the hidden states as inclinations leading to young adult demo-
graphic transitions, it is necessary to visualize the hidden states paths throughout the
whole young adulthood of respondents. The necessity comes on the one hand from
need to check whether the hidden states paths fit substantive expectation and on the
other hand from the three basic problems in any HMM application (describe in In-
troduction Section). The hidden states paths throughout the whole young adulthood
of respondents (sort from end) are shown as sequence index plot in Figure 8 (a).
Sequence index plots of longitudinal data use stacked bars or line segments to show
how individuals move between a set of conditions or states over time [?]. Compared
with the multi-channel sequence life course shown in Figure 5, the complicated
partnership, fertility and leaving home trajectories are reduced into four category
of inclinations. To better understand the heterogeneity in the transition into adult-
hood among these inclinations, sequence analysis with OM [?] was performed on
the hidden state paths. Four typologies of the hidden states (chosen by cluster qual-
ity statistics [?]) were presented in Figure 8 (b) and Figure 8 (c). Figure 8 (b) are
the sequence index plots of each typology and Figure 8 (c) is the sequence medoid
plot [?], which is the most representing existing sequence in each typology. With the
help of Figure 8 (b) and (c), four types of transition into adulthood have been iden-
tified, namely, 1: Late fertility or no fertility, 2: Traditional pathway (Leaving home
at age 21, Family formation at age 26, Family extension at age 29, and followed by
Family completion), 3: Small family (remaining in Family extension state until end
of observation age 40), 4: Early transition (Leaving home at age 18, Family forma-
tion at age 21, Family extension at age 24, and followed by Family completion).

Insert Figure 8

3.2 HMM 4 with covariates in its latent model

As discussed in Introduction Section, HMM can allow covariates in its latent model
to explain the heterogeneity in the population. One of the most intuitive way to in-
clude covariates in latent model is to allow for different transition probability distri-
bution for different groups of respondents. It take 7.2 hours to perform HMM with
4 hidden states, 1000 random starting values, and including 2 variables, namely,
education (high vs. low) and gender (female vs. males). The lowest BIC among
these 1000 repentances is 113005, which is lower than the BIC of HMM 4 without
covariates. The output model parameters are initial probability distribution, emis-
sion probability distribution (shown in Table 2) and 4 different transition probability
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(shown in Table 3) distributions. Compared with the initial probability distribution,
transition probability distribution and emission probability distribution of HMM 4
without covariate (shown in Table 1), there are some unnoticeable change in some
probabilities, and the interpretation of these 4 hidden states remains the same.

Insert Table 2
Insert Table 3

The information of Table 3 reveals the difference in the transition to adulthood in
gender and education level. From state A: *Leaving home’, high educated females
are 0.01 faster (transition probability 0.16 vs. 0.15) to state B: *Family formation’
than the low educated males and similar pattern can be found in high educated males
against low educated males. Compared with males, females are faster in transition
from ’Leaving home’ to ’Family formation’. From state B: *’Family formation’, high
educated females are 0.05 slower (transition probability 0.08 vs. 0.13) to state C:
’Family extension’ than low educated females, and similar pattern can be found in
high educated males against low educated males. Besides, males moves slower from
’Family formation’ to *’Family extension’ than females. Transition from state ’Fam-
ily extension’ to state D: ’Family completion’ shows different pattern than from
state *Family formation’ to state ’Family extension’. From State *Family extension’
to state *Family extension’, high educated females are 0.05 (0.19 vs. 0.14)than low
educated females, and similar pattern can be found in high educated males against
low educated males. For this transition, males are faster than females. To summa-
rize, (1) high educated move out of parental home faster than low educated, females
faster than males; (2) high educated start having child and change their partnership
status slower than low educated, females faster than males; (3) high educated are
faster having more child once they have one child, males faster than females.

4 Conclusion and Discussion

Most peoples life courses are made up of a multitude of changes in multiple life
domains. A key challenge of life course research is to make sense of this complexity
by searching for fundamental processes that drive these observable transitions and
by examining which factors influence them. In this paper, we claim that Hidden
Markov modeling (HMM) holds great promise in unraveling these processes, and
we provide a relatively simple example of its potential by applying it to the family
transition into adulthood among French men and women born between 1956 and
1965.

From a substantive point of view, what the HMM results reveal is that two fun-
damental viewpoints on the transition to adulthood can be distinguished. The HMM
solution with four hidden states views the family transition to adulthood as a process
that leads to the intergenerational reproduction of family life. The first challenge that
young adults face is about leaving the parental home and finding a suitable partner
relationship. The next steps in this intergenerational reproductive process are about
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the initiation of a family (entry into parenthood), followed by successive phases
of family expansion and family completion. Thus, the 4-HMM solution suggests a
model of the full family cycle starting as a child in a family of origin and ending up
as an adult in a next generation family. Our analysis also reveals clear differences
in the speed and likelihood of making this transition between men and women and
between the higher and lower educated. For instance, higher educated women make
the first fundamental transition (out of the parental home) at earlier ages than lower
educated women, but postpone the establishment of a family of their own. However,
once they decide to establish a family, higher educated women are faster in mak-
ing the family expansion step. Thus, our analysis shows that the pace and rhythm
of this fundamental family succession model differs strongly between low and high
educated women.

The 5-HMM solution (not presented) provides another interesting view on the
family transition into adulthood. Rather than viewing this transition as a unilinear
trajectory where young adults only differ in the likelihood and speed of moving to
successive stages as is central to the 4-HMM solution, the 5-HMM solution distin-
guishes between two alternative family pathways into adulthood. As in the 4-HMM
solution, the first challenge every young adult faces is when to leave the parental
home. One pathway strongly resembles the traditional pathway where young adults
first establish a traditional family, characterized by marriage and possibly a child,
followed by a subsequent stage of family expansion. However, a second pathway
is distinguished as well, where young adults opt for a more autonomous lifestyle,
characterized by single living and/or unmarried cohabitation. After this stage, these
young adults are confronted by another fundamental choice, either to continue this
alternative lifestyle track and opt for children outside marriage, or to align them-
selves into the traditional pattern by moving back into the traditional family path-
way. As with the 4-HMM solution, linking covariates to the 5-HMM structural
model offers interesting insights. For instance, highly educated women are more
likely to start off on the alternative track than low educated women, but once they
enter this track, they are also more likely to revert to the traditional pattern than low
educated women who start off on the alternative track.

Whether one interprets the data on the basis of the 4-HMM or 5-HMM solu-
tion at least partly depends on ones theoretical interests. The 4-HMM solution of-
fers a succinct interpretation of the traditional family life pattern, pointing at three
major decisions to be taken in the course of the family-life cycle [Glick, 1955].
The 5-HMM solution incorporates more heterogeneity into this family life cycle
[Glick, 1989], and offers interesting opportunities to study the process of family
change that is often captured under the heading of the Second Demographic Transi-
tion [Lesthaeghe, 1995].

A major advantage of both of these models is that they greatly limit the com-
plexity of the process of transition into adulthood, by reducing the large number
of transitions between observable states to a small number of transitions between
unobservable, latent states. This property could be even more useful if the number
of potential states and transitions becomes even larger, for instance if one wants to
study both family transitions and career-related transitions in one model.
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The models introduced in this paper have clear merit for life course research.
Several extensions of the Hidden Markov model could be envisaged, for example,
constrained HMM. Constrained HMM is useful when one has a clear idea about
the structure of the transition pattern, and want to test the hypothesized transition
probability distribution. This paper did not elaborate on this type of topic yet, but
it can be of great interest for future research. Generally, in applying these models
to life course data, researchers have to be aware of both theoretical and practical
restrictions on the analyses. Models should not become too complex in order for
them to be mathematically feasible to estimate and to be theoretically interpretable.
Our paper suggests a number of guidelines in this respect that may prove useful to
future users.
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Table 1: HMM model with 4 hidden states output parameter: Transition prob-
ability distribution, initial probability distribution and emission probability dis-
tribuion (ordered).
Transition probability distribution
State State
A B C D
0

A .85 14 .01
B 0 91 .09 0
C 0 0 .85 .15
D 0 0 0 1

Initial probability distribution

State A B C D

94 06 0 O

Emission probability distribution
Fertility State
category A B C D
0 .99 1 0 0
1 .01 0 1 0
2 0 0 0 .68
3+ 0 0 0 .33
Partnership State
category A B C D
S 97 b3 A7 11
U .02 27 25 14
M .01 20 .59 .76
Leaving home State
category A B C D
No 1 0 .02 .01
Yes 0 1 98 .99
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Table 2: HMM model 4 with covariates output parameter: initial probability
distribution and emission probability distribuion (ordered).
Initial probability distribution

State A B C D
94 06 0 O

Emission probability distribution
Fertility State
category A B C D
0 .99 1 0 0
1 .01 0 1 0
2 0 0 0 .67
3+ 0 0 0 .33
Partnership State
category A B C D
S 97 500 17 11
U .02 29 25 14
M .01 21 .58 .75
Leaving home State
category A B C D
No 1 0 .02 .01
Yes 0 1 98 .99
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Table 3: HMM model 4 with covariates output parameter: Transition proba-
bility distributions of low educated males, high educated males, low educated
females and high educated females (ordered).

Transition probability distribution of low educated males

State State
A B CcC D
A .86 A3 .01 0
B 0 91 09 0
C 0 0 .86 .14
D 0 0 0 1
Transition probability distribution of high educated males
State State
A B C D
A .85 14 0 0
B 0 94 06 0
C 0 0 .81 .19
D 0 0 0 1
Transition probability distribution of low educated females
State State
A B C D
A .84 A5 .01 0
B 0 87 13 0
C 0 0 .86 .14
D 0 0 0 1
Transition probability distribution of high educated females
State State
A B C D
A .83 16 .01 0
B 0 91 08 O
C 0 0 .82 .19
D 0 0 0 1
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Sequences for high edu men
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Sequences for high edu women
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B no child O single
O 1 child O union
E 2 children B married
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(b)

Sequences for low edu men

24 27 30 33 36 39
Age

Leaving home

Leaving home

O no
B yes

Sequences for low edu women

W

24 27 30 33 36 39
Age

Leaving home

O no
B yes

Figure 5: Multi-channel sequence presentation of the fertility, partnership and
leaving home annual data of respondents between age 15 and 40 in France GGP
birth cohort 1956-1965 (a) are sequences for high educated and low educated

males. (b) are sequences for high educated and low educated females.
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Figure 6: Latent probability distribution of change in the 25 years of HMM 4
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0.15

0.09

Figure 7: State transition graph based on the transition probability distribution
of HMM 4. Thickness of the arrows reflects the transition probabilities (the
transition probability not to itself are shown next to the arrow). State ordering
corresponding to Table 1.
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Figure 8: a: Sequence index plot of Viterbi path of all unique multi-channel
sequence in the selected French GGP dataset. b: Sequence index plot of clas-
sified (Sequence Analysis) viterbi path. ¢: Sequence medoid plot of classified
(Sequence analysis) viterbi path.
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Markovian-Based Clustering of Internet
Addiction Trajectories

Zhivko Taushanov and André Berchtold

Abstract A hidden Markov clustering procedure is applied to a sample of n=185
longitudinal Internet Addiction Test trajectories collected in Switzerland. The best
solution has 4 groups. This solution is related to the level of emotional wellbeing of
the subjects, but no relation is observed with age, gender and BMI.

1 Introduction

Excessive Internet use is an emerging health issue in the medical literature. The
most current tool to quantify the degree of addiction to Internet is the Internet Ad-
diction Test (IAT) developed by Young [7]. However, this scale based on 20 items is
quite long and it was not validated for agreement between successive measurements
performed on the same subjects, so it is difficult to distinguish between real changes
of the subjects and changes due to the IAT itself.

We consider data taken from the ado @internet.ch study [6], a longitudinal study
about the use of Internet among youth in the Swiss canton of Vaud. Data were col-
lected at 5 occasions every 6 months from Spring 2012 (TO) to Spring 2014 (T4).
A convenience sample of n=185 adolescents having answered to all 5 waves is used
in the present study (67% females, mean age at TO: 14.1 years). Our goals are 1)
to classify the trajectories of Internet addiction into meaningful categories, 2) to
test whether this classification is related to other characteristics such as age, gen-
der, wellbeing (measured by the WHO-5 index) and Body Mass Index (BMI). We
hypothesize that if significant relationships exist with other characteristics, then the
IAT could be considered as a reliable measure of the evolution of Internet addiction.

Zhivko Taushanov
University of Lausanne, ISS & NCCR LIVES, e-mail: zhivko.taushanov @unil.ch

André Berchtold
University of Lausanne, ISS & NCCR LIVES, e-mail: andre.berchtold @unil.ch
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2 Zhivko Taushanov and André Berchtold

2 Model

The clustering of longitudinal continuous data is still an open question. In this paper,
we use a specific class of Markovian Models called Hidden Mixture Transition Dis-
tribution model (HMTD) for that purpose. These models consist in a latent and an
observed levels [4]. The visible level is a Mixture Transition Model (MTD) model
introduced by Raftery in 1985 as a modelling of high order Markov chains [5] and
developed later by Berchtold [1],[2] and Berchtold and Raftery [3]. Here we use a
Gaussian version of the MTD model where the mean of the Gaussian distribution
is a function of past observations. The latent level of the model is a homogeneous
Markov chain. Each state of the chain is associated to a different component (or
model) at the visible level, and the transition matrix is used to determine which
component best represents the current observation.

To use the HMTD model as a clustering tool, we fix the hidden transition matrix
to the identity matrix. Each sequence of successive observations is then associated
to only one component of the model. The dependence order for the Gaussian distri-
butions is fixed to one, and the number of components varies from 2 to 5. We use
the Bayesian Information Criterion (BIC) to select the best model.

3 Results

The best model identified by the BIC is the 4 components model. Figure 1 shows
the IAT trajectories associated to each group. We clearly differentiate between one
group with average volatility and IAT level (group 1); one group with relatively
low scores and low variance (2); one group with very low variability and low and
constantly diminishing IAT score (3); one erratic group with high variability (4).
When comparing the classification with covariates, no significant relationship does
appear with age, gender and BMI. However a significant relationship appears with
the WHO-5 measured on each wave.

4 Discussion

The HMTD model is able to classify sequences of continuous longitudinal data into
as many groups as required. In our example, the four resulting groups differ in terms
of average value and of variability. The relationship observed between the IAT and
emotional wellbeing suggests that both concepts are linked and that a higher risk of
Internet addiction is related to a poorer wellbeing.
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Fig. 1 IAT sequences associated with each cluster in the 4-groups solution.
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Application of ‘pseudo panels’ to investigate causal link between HIV and fertility in sub-
Saharan Africa

M.A. Magadi, School of Social Sciences, University of Hull.

Abstract

Panel data are valuable for answering questions about change over time, but remain relatively scarce
in most developing countries, especially sub-Saharan Africa (SSA). Where there exists a series of
repeated cross-sectional data, ‘pseudo-panels’ provide a promising alternative. The use of ‘pseudo
panels’ has received considerable attention in econometrics, but application in Demography remains
rare. This paper explores the potential for using ‘pseudo panels’ to investigate causal link between
HIV and fertility in SSA. The relationship between HIV and fertility is a complex one, partly
because causality can run in either direction. We focus primarily on fertility as the outcomes of
interest and HIV as a contributing factor. Repeated cross-sectional Demographic and Health survey
(DHS) data from 20 countries in SSA are used to construct “pseudo panels” based on birth cohorts
by country. The pseudo panels allow an investigation of possible causal link between HIV in an
earlier survey and fertility behaviour of similar cohorts in a subsequent survey. Measures of HIV are
based on risk perception and HIV status, while fertility is based on births within the last five years
and future fertility intention. A total of 140 cohorts (7 age groups * 20 countries) were constructed,
with 120 cohorts having data for at least two time periods. The analysis used two alternative
approaches: (i) ‘Conditional” models of HIV in an earlier survey and fertility behaviour in
subsequent surveys; and (ii) Repeated measures multilevel analysis, with cohort as Level-2, and
measurement occasion as level-1. An evaluation /assessment of the analysis involved a comparison
of findings from “pseudo cohort” with individual-level analysis, and a multi-level estimation of intra-
cohort correlation coefficients to assess the degree of similarity of individuals in the same cohort. A
multivariate analysis based on fixed effects models was used to determine the extent to which
observed patterns may be attributable to key demographic/ socio-economic differences or infer
possible causal links. Preliminary analysis shows promising results on application of ‘pseudo panels’
in investigation of demographic causal links in settings with limited panel data such as sub-Saharan
Africa. However, further analysis is necessary for conclusive results. In particular, advanced
modelling using Multiprocess modelling or Structural equation modelling will be used to address
possible endogeneity in the relationships observed.
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Background context

Panel data are valuable for answering questions about change over time, but remain relatively scarce
in most developing countries, especially sub-Saharan Africa (SSA). Where there exists a series of
repeated cross-sectional data, ‘pseudo-panels’ provide a promising alternative. In the ‘pseudo panel’
approach "similar" individuals are grouped in cohorts, and aggregate measures within these cohorts
are treated as observations in a synthetic panel (Deaton, 1985). The use of ‘pseudo panels’ has
received considerable attention in econometrics (Browning, Deaton and Irish, 1985;Verbeek and
Nijman 1992; Moffitt, 1993; Collado, 1997; Propper, Rees and Green, 2001; McKenzie, 2004;
Verbeek, 2008), but application in Demography remains rare. This paper explores the potential for
using ‘pseudo panels’ to investigate causal link between HIV and fertility in SSA. The relationship
between HIV and fertility is a complex one, partly because causality can run in either direction. We
focus primarily on fertility as the outcomes of interest and HIV as a contributing factor.

Data and Methods

Repeated cross-sectional Demographic and Health survey (DHS) data from 20 countries in SSA are
used to construct “pseudo panels” based on birth cohorts by country. The pseudo panels allow an
investigation of possible causal link between HIV in an earlier survey and fertility behaviour of
similar cohorts in a subsequent survey. The 20 countries included in the analysis represent all
countries in sub-Saharan Africa where the DHS has included HIV testing on nationally
representative samples of women of reproductive age in at least two consecutive surveys (see Table
1). Measures of HIV are based on risk perception and HIV status, while fertility is based on births
within the last five years and future fertility intention.

A total of 140 cohorts (7 age groups * 20 countries) were constructed, with 120 cohorts having data
for at least two time periods. The analysis used two alternative approaches: (i) ‘Conditional’ models
of HIV in an earlier survey and fertility behaviour in subsequent surveys; and (ii) Repeated measures
multilevel analysis, with cohort as Level-2, and measurement occasion as level-1. An evaluation
fassessment of the analysis involved a comparison of findings from ‘pseudo cohort’ with individual-
level analysis, and a multi-level estimation of intra-cohort correlation coefficients to assess the
degree of similarity of individuals in the same cohort. A multivariate analysis based on fixed effects
models was used to determine the extent to which observed patterns may be attributable to key
demographic/ socio-economic differences or infer possible causal links.
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Table 1: Summary of DHS (and AIS?!) data in the study

Women Number

Country /Year of survey tested for % HIV+ of cases
HIV HIV+

1 *Burkina Faso (2003, 2010) 8384 1.2 101
2 *Cameroon (2004, 2011) 7221 5.6 404
3 *DR Congo (2007, 2013/14) 9264 1.6 148
4 *Cote d'lvoire (2005, 2012) 4509 4.6 207
5 *Ethiopia (2005, 2011) 5942 1.9 113
6 *Guinea (2005, 2012) 4622 21 97
7 *Kenya (2003, 2008/9; AlS: 2007, 2012) 3641 8.0 291
8 *Liberia (2007, 2013) 4397 2.4 106
9 *Lesotho (2004, 2009) 3800 27.0 1026
10 *Malawi (2004, 2010, 2015-16) 7091 12.9 915
11 *Mali (2006, 2013) 4806 1.3 62
12 *Mozambique (2009) 6000 13.1 786
13 *Niger (2006, 2012) 5000 0.4 20
14 *Rwanda (2005, 2010) 6917 3.7 256
15 *Senegal (2005, 2011) 5300 0.8 42
16 *Siera Leone (2008, 2013) 7695 1.7 131
17 *Tanzania (2010,AlS:2003, 2007, 2011/2) 8179 6.6 540
18 *Uganda (2004/05, 2011) 11950 8.3 992
19 *Zambia (2007, 2013) 14719 15.1 2223
20 *Zimbabwe (2005/6, 2010/11, 2015) 7313 18.0 1316
Overall sample 179747 13071

*Data with HIV test results for these countries are available for multiple rounds of DHS surveys, enabling construction
of ‘pseudo-panels’ for causal analysis. Data shown (marked in bold) are for the latest survey, unless the latest survey is
still on-going and data not yet available.

1 - AIDS Indicator Survey

Preliminary findings

Preliminary findings suggest that perceived risk has a stronger correlation with fertility behavior and
intentions, than HIV status. Observed patterns suggest that in settings where a large proportion of
individuals do not know their HIV status, perceived risk of HIV is a stronger determinant of fertility
behavior than the actual HIV status. Stronger associations were observed between HIV and fertility
intentions than actual fertility, consistent with patterns observed at individual level. It is interesting to
note that for HIV status, the difference in fertility intention between HIV-positive and HIV-negative
women is notably larger in later than in earlier survey, presumably since a higher proportion of
individuals in the later surveys knew their HIV status. For perceived risk, the differences between
none/low and moderate/high risk is more or less the same at different time periods.
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Discussion and further analysis

The preliminary analysis shows promising results on application of ‘pseudo panels’ in investigation
of demographic causal links in settings with limited panel data such as sub-Saharan Africa. Indeed,
‘pseudo panels’ do have some merits over true panels since such data are immune to attrition bias or
other threats to internal validity such as testing bias or design contamination. However, they are
prone to instrumentation bias if the study variables were measured differently in subsequent surveys.
Furthermore, an important consideration in this application is whether the number of DHS rounds
considered here (typically two) is adequate. Nevertheless, it has been noted that ‘In longitudinal
repeated measures design, we usually have a large number of level 2 units with rather few Level-1
units (Rasbash et al, 2015: 195), and an advantage of multilevel modelling of repeated data is the
ability to handle unequal measurement intervals (Rasbash et al, 2015).

Although overall preliminary results seem plausible, further analysis is necessary for conclusive
results. First, it is important to establish whether it is appropriate to lag or not to lag the dependent
variable. More importantly, advanced modelling is necessary to address possible endogeneity in the
relationships observed. This will be undertaken using Multiprocess modelling or Structural equation
modelling.
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Early Maternal Employment
Sequences and Child Body Weight at
Age Six

Evidence from the German Socio-Economic
Panel

Michael Kihhirt

Abstract Using data from the German Socio-Economic Panel on children
born between 2002 and 2006, this study investigates the relationship be-
tween mothers’ monthly employment sequences in the first five years after
birth and their children’s body weight around age six. Employment history
is measured by different variables derived from sequence analysis that each
capture specific aspects such as typical employment patterns (based on addi-
tional cluster analysis), complexity, and turbulence. The association between
these measures and children’s body weight is estimated by inverse probability
of treatment weighting of marginal structural models, a method developed
in epidemiology to deal with the challenges of estimating the effects of time-
varying exposures such as maternal employment. The results indicate that
children who experienced very different maternal employment sequences but
are similar with regard to background characteristics such as maternal ed-
ucation, household income, and family structure show no substantively or
statistically significant disparities on body weight around age six. The study
goes beyond the literature by focusing on maternal employment history be-
yond simple duration measures and by explicitly accounting for time-varying
confounders of the relationship between maternal employment and child de-
velopment.
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Care pathways of patients affected with multiple
sclerosis in France from 2007 to 2013 using
administrative databases and state sequence
analysis

Jonathan Roux, Nolwenn Le Meur, Olivier Grimaud and Emmanuelle Leray

Abstract In France there is a lack of accurate and up-to-date data on care pathways
and care consumption of patients affected with multiple sclerosis (MS). The aim of
this study was to describe care consumption of MS people in France and build a
typology of their care pathways over the 2007-2013 period. To answer this issue,
sequence analysis and agglomerative hierarchical clustering were used on a random
sample of 1,000 patients, issued from French health-care databases, split according
to the data available. The typologies were then described according to individual
characteristics and care consumption. Two similar partitions, using indel costs fixed
to 0.9 and transition-based substitution costs, were obtained : a five-cluster and a
six-cluster typology for respectively complete and incomplete care pathways (i.e.
less than seven years). Low care consumption was associated with older and less
treated patients. Patients having a medium-low care consumption were younger and
treated, whereas those having a high consumption seems to be older and have more
comorbidities than the others. This pioneer study, using an innovative method in
health field, gives a first overview of the care consumption of MS-affected people
in France using objective and quantitative information. To go further, same work
will be performed on the whole French population affected with MS and will in-
clude biological and medical imaging exams, and specialists’ care to complete care
pathways.

Keywords : State sequence analysis, Care pathways, Multiple sclerosis, Admin-
istrative databases
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1 Introduction

The increase of life expectancy and medical progress are leading to a steady growth
of the number of people affected with a chronic disease [Organisation Mondiale de
la Santé (OMS), 2002]. In France, 15 million people are affected with at least one
chronic disease, namely slightly more than 20% of the whole population [Ministere
de la Santé, de la Jeunesse, des Sports et de la Vie associative, 2007]. They require
large amounts of medical care, which lead to new constraints of long-term care for
healthcare systems [Organisation Mondiale de la Santé (OMS), 2002]. In France,
the Long Disease Duration (LDD) status permits people to have a 100% coverage
of their healthcare. Thirty illnesses are apart of the list of LDD, including multiple
sclerosis (MS).

MS is a chronic neurological disease affecting 2.3 million people around the
world with a women:men sex-ratio varying from 2:1 to 2.5:1 [Browne et al., 2014,
Trojano et al., 2012, MS International Federation, 2015]. In France, the estimated
prevalence is 151.2 cases per 100 000 inhabitants on 31* December 2012, namely
about 100 000 people [Foulon et al., 2015]. MS mostly starts at young adulthood,
between 20 and 40 years old, evolves for several decades and frequently leads to
a disability, the median duration before the need for a walking aid being from 20
to 25 years [Confavreux et al., 2000, Confavreux et al., 2003]. Moreover, because
of a life expectancy reduced of about 7 years [Leray et al., 2015] and availability
of more and more DMTs (Disease Modifying Therapies), MS cost becomes bigger
and bigger over time for each patient and thus for the society and was equal to 1
billion euros in France for the year 2013 [Direction de la stratégie, des études et des
statistiques (DSES), 2015, Lefeuvre et al., 2016].

Care consumption of MS patients is expected to be high due to disease length,
disease activity and disability progression. However, there is a lack of accurate and
up-to-date data on this topic in France. Indeed, French studies on care consumption
mainly focus on MS costs from the point of view of the French national Health In-
surance system [Fromont et al., 2014, Lefeuvre et al., 2016] and not on the type,
amount and chronology of care. In addition, there are no clearly definite care’s rec-
ommendations for patients affected with MS at the moment in France.

In order to fill this gap and have an overview of the care consumption of people
with MS in France, the first step is to measure the consecutive consultations and
treatments constituting the care pathway of each patient. Therefore, this study aimed
at describing the overall care consumption of people affected with MS, analysing
their care pathways and creating a typology over the 2007-2013 period in France.
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2 Methods

2.1 Study population

Data was issued from a French permanent sample of health insurance care users,
named Echantillon Généraliste des Bénéficiaires (EGB). It is a random sample of
1/97"" of the French national Health Insurance system, gathering the out-hospital
reimbursed care consumption (consultations and home visits to general practition-
ers (GP), specialists, drugs deliveries, nurses, physiotherapists, ...). This sample
is dynamic, which means that new people can enter the sample anytime. More-
over, we used data from the French Hospital Discharge Database (Programme de
Meédicalisation des Systemes d’Information (PMSI)), gathering in-hospital care con-
sumption (admissions including day hospital, but except outpatient visits).

Patients affected with MS were identified if at least one of the following criteria
was fulfilled in the period stretching from 1% January 2007 to 31*" December 2012 :
either MS LDD status, either at least one DMT specific of MS dispensed (interferon-
B, glatiramer acetate, fingolimod or natalizumab), or at least one hospital admission
with an ICD-10 (International Classification of Diseases, 10" version) diagnosis
code ”G35” [World Health Organization, 2015]. Out-hospital care consumption and
hospital admissions for these patients were then extracted from 2007 up to end 2013.
As a whole, 1,003 patients were identified, of whom 3 were excluded due to a total
lack of care consumption (MS-related and not) during the study period.

2.2 Data

Based on data of care consumption, monthly number of consultations or home vis-
its with a GP, a private neurologist and a PM&R (Physical Medicine and Rehabil-
itation) physician were estimated for each of the 1,000 patients. Only MS-related
hospital admissions were considered (main or related diagnosis equal to ”G35”,
except DMT injection) and a parameter was created to count the monthly corre-
sponding number for each individual. Nine DMT used for MS delivered out of the
hospital (four interferon-f3, glatiramer acetate, fingolimod, mycophenolate mofetil,
methotrexate, azathioprine) and one in-hospital treatment (natalizumab) were also
explored if applicable. The total duration of each treatment was estimated as the
product of the number of boxes and the number of corresponding days. None of the
two databases permitted to access consultations with public neurologists. Therefore
we assumed that patients receiving a DMT, compulsorily prescribed by a neurolo-
gist, without having a visit with a private one, has one visit with a public neurologist
(outpatient visit) at the treatment initiation and one every year as long as the treat-
ment was ongoing.
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A monthly then annual composite variable characterizing the individual care con-
sumption was created by adding monthly (respectively annual) numbers of consul-
tations with GPs, private and public neurologists, PM&R physicians and MS-related
hospital admissions (except monthly DMT injections). Each yearly variable ranged
widely and followed a Poisson distribution. Therefore, to have an overview of the
care consumption, it was categorized in five groups according to the quartile dis-
tribution : no consumption (”0”), less than the first quartile (’]0; Q1]”), between the
first quartile and the median included (”]Q1; 02]”), between the median and the third
quartile included (”]Q2;Q3]”) and strictly superior to the third one ("> Q3”). The
sequence of the seven annual categorized parameters constituted the care pathway
of each patient during the 7-year period. As inclusion criteria offered the opportu-
nity to identify prevalent cases of MS, patients were not at the same stage of the
disease during the 2007-2013 period and thus the sequences were not left-aligned
for people entering the study after 2007.

For patients who died during follow-up, the “death” status was attributed the
year following the death’s year, since only annual states were considered. Therefore
only deaths over the 2007-2012 period were considered. Death was coded as NA
state, creating care pathways of different lengths. This solution permitted to take
into account the death of people without the creation of a specific group, which may
have happened with a devoted state.

2.3 Statistical analysis

Two different typologies of care pathways were created using Optimal Matching
(OM) analysis and then agglomerative hierarchical clustering using Ward’s cri-
terion. The first one was obtained using patients with complete care pathways
(n=648), i.e. sequences beginning in 2007, whereas the second focused on incom-
plete sequences (n=352), corresponding to people entering the cohort later than 2007
(due to dynamic cohort). This separation was chosen to avoid the creation of a clus-
ter devoted to patients entering the cohort with delay appearing when analysing the
1,000 sequences together.

No theoretical knowledge about costs was available, therefore substitution costs
were estimated empirically using observed transition rates. To ensure Needleman-
Wunsch algorithm could be applied to compute OM distance, metric properties were
verified for substitution costs, especially triangle inequality [Studer and Ritschard,
2015]. Costs are one major parameter permitting to have an optimal matching and
thus influence clustering results [Lesnard, 2010]. For our purpose, the aim was to
compare care pathways by keeping the temporality of events and studying series of
sub-sequences and thus long-term care consumption rather than succession of one-
state events. Moreover, we did not want to focus on outstanding events but rather
on the whole sequence. Therefore, we chose to fix indel costs to 0.9 in order to
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approach the Levenshtein II distance and thus compare sequences according to the
longest common subsequence [Lesnard, 2010].

An agglomerative hierarchical clustering analysis using Ward’s criterion was
then performed on the dissimilarity matrix to create homogeneous groups. Several
parameters were used to assess the quality of the partition, namely weighted Aver-
age Silhouette Width (ASWw) [Kaufman and Rousseeuw, 1990, Studer, 2013], Hu-
bert’s C (HC) [Hubert and Levin, 1976], Hubert’s Gamma (HG) [Hubert and Arabie,
1985] and Point Biserial Correlation (PBC) [Hennig and Liao, 2010, Milligan and
Cooper, 1985]. The maximisation of ASWw, HG and PBC and the minimisation of
HC permitted to set the optimal number of clusters. Once the clustering obtained,
each group was characterized according to individual characteristics and care con-
sumption.

All computational and statistical analyses were performed using R (Version
3.2.3) [R Core Team, 2015]. Sequence analysis and clustering were performed us-
ing the TraMineR library (Version 1.8-11), the WeightedCluster library (Version 1.2)
and the cluster library (Version 2.0.3) [Gabadinho et al., 2011, Studer, 2013, Maech-
ler et al., 2015].

3 Results

3.1 Population characteristics

According to the selection criteria, 1,000 care users were identified in the databases,
whose characteristics are presented in Table 1. They were mostly women (71.1%)
and had a median year of birth of 1963 (range 1914-1997), i.e. aged about 44 years
at study start. Patients with a complete care pathway were significantly older than
patients having a shorter one (p<0.001). As a whole, 577 patients (57.7%) were
under the LDD status for MS at the beginning of follow-up, with a median LDD
time of 6.8 years (range 0.0-29.2), and 261 (26.1%) acquired the status on the 2007-
2013 period. 278 (27.8%) patients had at least another LDD different from MS.
The median follow-up duration was 6.8 years (range 0.0-7.0) out of a maximum
of 7 years. As a whole, 71 (7.1%) deaths were observed after a median follow-up
duration of 3.9 years (range 0.0-6.7). About half the population (53.9%) received at
least one DMT and was treated during 63.0% of the follow-up duration in median.
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Table 1 Population characteristics according to the length of care pathways (N=1000)

Complete Incomplete Total p-valued
pathway pathway
n=648 n=352 N=1000

Number of women (%) 473 (73.0%) 238 (67.6%) 711 (71.1%) 0.086
Birth Year * 1961 (1914-1991) 1966 (1924-1997) 1963 (1914-1997) <0.001
Number of LDD for MS ? (%) 589 (90.9%) 249 (70.7%) 838 (83.8%)  <0.001
Duration since MS-LDD’s 12.7 (0.0-34.6) 6.5 (0.2-33.8) 11.6 (0.0-34.6) <0.001
beginning 2<* (year)
At least another LDD ¢ (%) 186 (28.7%) 92 (26.1%) 278 (27.8%) 0.429
Follow-up duration * (year) 6.9 (0.0-7.0) 3.5 (0.0-6.0) 6.8 (0.0-7.0) <0.001
Number of deaths observed (%) 55 (8.5%) 16 (4.5%) 71 (7.1%) 0.029
At least one DMT prescription ¢ (%) 368 (56.8%) 171 (48.6%) 539 (53.9%) 0.015
Part of the follow-up 61.6 (3.3-100.0) 66.0 (7.6-100.0) 63.0 (3.3-100.0) 0.218
duration under treatment (%) *
GPs 87 6.1 (0.0-50.0) 4.3 (0.0-48.0) 5.6 (0.0-50.0) <0.001
Neurologists 6 (0-48) 2 (0-19) 4 (0-48) <0.001
At least one MS-related 307 (47.3%) 166 (47.2%) 473 (47.3%) 1.000

hospital admission (%)

* Median (minimum-maximum). ¢ P-value of the comparison of complete and incomplete path-
ways’ groups using either Kruskal-Wallis test, Pearson’s chi-squared test or Fisher’s exact test if
needed. ” LDD : Long Disease Duration. ¢ Calculated at the date of last information (31/12/2013 or
date of death). ¢ LDD other than MS. ¢ Disease Modifying Therapy. / For patients having at least
one DMT use. 8 Annualized number of consultations and home visits taken together per patient.
" Total number of consultations, home and imputed outpatient visits taken together per patient
over the 2007-2013 period. ! Total MS-related hospital admissions per patient over the 2007-2013
period (except monthly DMT injections).

3.2 Complete care pathways’ clustering

The partition of the 648 complete care pathways led to a typology of five clusters
as presented in Figure 1, which conducted to the best quality partition’s parameters
with ASWw, HC, HG and PBC respectively equal to 0.238, 0.102, 0.765 and 0.551.

Among the five clusters, two are dominating, i.e. clusters 1.5 and 1.4, with re-
spectively 188 (29.0%) and 180 (27.8%) patients. These two groups corresponded
to people having an overall high care consumption according to the mean duration
in each state (Table 2). The group 1.3 characterized by a medium consumption is
formed of 128 (19.8%) patients. At the opposite, people categorized in group 1.2
(n=124 (19.1%)) had a low care consumption and the 28 (4.3%) in the cluster 1.1
had no consumption during almost half the follow-up period.
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Fig. 1 Index plots of the groups obtained after the clustering procedure with indel costs fixed to
0.9 and transition-based substitution costs for complete care pathways (N=648)

Table 2 Mean duration in years (part of total duration) in each state according for complete care
pathways’ clustering (N=648)

State 70" 0QIM TIQLQ2 IQLQ3T v>Q¥

Group 1.1  3.46 (49.4%) 1.18(169%) 0.14(2.0%)  0.64(9.1%)  0.93 (13.3%)
Group1.2 031 (4.4%) 4.06 (58.0%) 1.86(26.6%) 0.55(7.9%)  0.19 (2.7%)
Group 1.3 0.09(1.3%) 1.39(19.9%) 4.07(58.1%) 120(17.1%)  0.16 (2.3%)
Group 1.4  0.13(1.9%) 057 (8.1%) 1.76(25.1%) 2.95(@2.1%) 0.95 (13.6%)
Group 1.5 0.10(1.4%) 024 (3.4%)  045(64%) 137(19.6%) 4.71(67.3%)

The predominant state for each cluster is indicated in bold.
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3.3 Incomplete care pathways’ clustering

According to quality parameters, the 352 incomplete care pathways were partitioned
into six clusters presented in Figure 2. Indeed, ASWw, HG and PBC were max-
imised respectively with 0.238, 0.731 and 0.487, and HC was equal to 0.139.

The different groups had similar consumption to those obtained with complete
care pathways, plus a sixth cluster (group 2.6), representing 26.4% of incomplete
sequences, concerning patients mostly entering the cohort after 2010 and having
a quite low-medium consumption (Table 3). Group 2.5 was formed of 52 patients
(14.9%) having an overall high consumption and cluster 2.4 composed of 55 patients
(15.6%) having a medium-high consumption. The cluster 2.3 characterized by a
medium consumption was formed of 68 patients (19.3%). At the opposite, people
categorized in group 2.2 (n=49 (13.9%)) had a low care consumption and the 35
(9.9%) in the cluster 2.1 had no consumption during almost three quarters of the
follow-up period.

Table 3 Mean duration in years (part of total duration including NA state) in each state according
for incomplete care pathways’ clustering (N=352)

State 0" 0QIT TIQLQ2T TIQLQ3T Q¥

Group 2.1 3.34(73.6%) 1.03(22.7%) 0.14(3.1%)  0.00(0.0%)  0.03 (0.7%)
Group22 0.41(84%) 3.31(67.6%) 0.59(12.0%) 0.43(8.8%)  0.06 (1.2%)
Group23 029 (6.0%) 1.09(22.6%) 2.34(d8.5%) 0.94(19.5%)  0.16 (3.3%)
Group24 020 (4.3%) 044 (9.5%)  0.95(20.5%) 2.36 (50.9%) 0.67 (14.4%)
Group2.5 035(7.5%)  0.378.0%)  035(7.5%) 077 (16.6%) 2.77 (59.6%)
Group2.6 022 (8.6%) 0.82(32.0%) 0.85332%) 0.28(10.9%) 0.30 (11.7%)

The predominant state for each cluster is indicated in bold.

3.4 Characteristics of the final clustering

The different patients’ characteristics and care consumption according to the two
partitioning are presented in Tables 4 & 5.

As expected, the number of consultations and home visits with GPs and neu-
rologists increased from cluster 1.1 to 1.5 (Table 4). In group 1.1, the follow-up
duration was the shortest one, which was probably related to the higher proportion
of deaths observed over the study period (p<0.001). Moreover, the number of pa-
tients having used at least one DMT was lower in this cluster (p=0.001). Patients
belonging to group 1.2 were significantly younger (p<<0.001) and were the most
treated for a median treatment duration of about three-quarters of follow-up. Fur-
thermore, this cluster was almost composed of half men and half women, compared
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Fig. 2 Index plots of the groups obtained after the clustering procedure with indel costs fixed to
0.9 and transition-based substitution costs for incomplete care pathways (N=352)

to others mostly formed of women. The cluster 2.3 was also composed of patients
using a DMT for the most part of follow-up duration. Group 1.4 was the oldest
group, which could explain the percentage of deaths in this cluster. In group 1.5, i.e.
having the highest consumption, patients seemed to be old with significantly more
comorbidities, expressed as other LDD (p<0.001). These patients, who went more
to hospital, were mostly treated.
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As for the precedent typology, the care consumption with GPs and neurologists
rose from cluster 2.1 to 2.5 in the second typology (Table 5). Patients in cluster 2.1
were the oldest and had the longest LDD duration compared to other groups, which
could explain that they were significantly less treated (p<<0.001). In groups 2.2 and
2.3, men and women were almost equally represented. Patients from cluster 2.2 were
the youngest and those being the most treated. Like in the first typology, patients
belonging to the highest consumption cluster 2.5 seemed to have more comorbidities
than the others. Patients in cluster 2.6 were among the youngest ones with the most
recent LDD status.
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4 Discussion

The main aim of this pioneer study was to estimate the care consumption of the pa-
tients affected with MS over the 2007-2013 period in France. State sequence anal-
ysis using optimal matching was used to approach the concept of care pathway and
build a typology of care consumption. Sequence analysis is usually employed in so-
cial sciences (transitions from education to work [Brzinsky-Fay, 2007, McVicar and
Anyadike-Danes, 2002], career patterns [Anyadike-Danes and McVicar, 2005, Bie-
mann and Datta, 2014], etc.) and genetics. Our research question on chronological
events and type of data at our disposal offered the opportunity to apply this method
in health field.

The study of care pathways reveals five groups of consumption for complete
pathways and six for incomplete ones. In the two cases, clusters are mostly driven
by a particular state dominating the sequences and show a gradation in care con-
sumption. So, it seems that patients having a low care consumption are older, with
along LDD duration and less treated. Patients having a medium-low care consump-
tion are younger and use DMTs, whereas those having a high consumption seems
to be older and have more comorbidities than the others. It appears that the two par-
titions’ clusters are similar on individual characteristics and care consumption. This
result are observed despite the split realised on sequences’ length and the last cluster
of the second typology of people entering the cohort later than 2010, which could
need to be studied separately. Therefore, it would be interesting to study more accu-
rately the two partitions gathered together in order to have a five clusters’ typology.

Our study has several advantages. Firstly, it is based on a representative ran-
dom sample of the French population, reducing selection bias. Characteristics of our
study population being close to those of MS patients in France [Foulon et al., 2015],
it tends to consider that our population is quite representative of MS-affected people
in France. Then, the two databases permit to access all reimbursed care consump-
tion of patients, independently from self declaration and thus minimising memory
bias. Moreover, it conducts to a care consumption as closely as possible to the true
consumption of the study population (except concerning adherence to DMTs).

Concerning the statistical analysis, state sequence analysis is an innovative
method in the field of care pathways to our knowledge. Furthermore, the choice
to split and then analyse sequences according to their length avoids the creation of
a cluster devoted to patients entering the cohort with delay. Similarly, the creation
of a state devoted to the “death” status would have conducted to a cluster mainly
formed of people dying during the follow-up.

However, some limitations can be mentioned. The first comes from the database
itself, since people can get out from the EGB without any indication in the data
if they leave one of the covered system, but this should concern only a very little
number of people and not affect our results. Furthermore the database does not in-
clude outpatient visits with public neurologists, despite we know that MS expert
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centres are mainly located in French university hospital. Therefore they were im-
puted, but the true consumption is certainly greater than the one assigned. Indeed,
with the chosen scheme of imputation, we can’t take into account adverse events
at DMT initiation or follow-up care visits of untreated patients, but only the visits
needed for yearly prescriptions. However these two limits can be overcome with
the access to the French National Health Insurance Information System (Systeme
National d’Information Inter-Régimes de I’Assurance Maladie (SNIIRAM)) from
which our data were randomly selected.

Concerning statistics, only few individual characteristics were available to de-
scribe the partitions, since administrative databases do not contain clinical data. Al-
though a discrepancy analysis and a regression model were considered, they were
not presented since the pseudo-R? calculated were too small (lower than 0.05). We
are currently developing algorithms to estimate relevant clinical parameters such as
motor disability, based on the rentals and purchases of mobility aids and on spas-
ticity’s drugs deliveries, or adherence to treatments, using parameters described by
Hess et al. [Hess et al., 2006]. Comorbidities will also be deeper explored, follow-
ing works on Canadian databases and recommendations from Marrie et al. [Marrie
et al., 2014, Marrie et al., 2016].

Another limit of this study comes from the weakness of the quality of the two
partitions obtained, which can not permit to assess a strong structure in the data.
However, this frailty can come from the fact that patients were not at the same stage
of the disease during the 2007-2013 period and that care consumption may depend
on several factors, such as MS-relapses or DMTs for example. Moreover, we worked
on calendar years and had no information on MS-onset of patients, which do not
permit to left-align sequences. To overcome this problem, we are trying to identify
incident MS cases with an algorithm based on the work of Marrie et al. [Marrie
et al., 2010] and thus study the impact of MS-onset on care consumption.

Finally, this study permits to describe for the first time the care consumption of
MS-affected people in France over the 2007-2013 period with objective and quanti-
tative information. The two typologies based on care pathways and obtained through
sequence analysis are close to each other and reveal different ways of consumption
among patients. This work, only constituting a preliminary draft, is going to be con-
tinued on the whole French population affected with MS, thanks to French National
Health Insurance Information System. It will aim at examining more accurately care
pathways, by analysing outpatient visits, biological exams, medical imaging exams,
paramedical and other specialists care amongst others. In parallel, it will be de-
signed to exploit administrative databases in order to have more relevant parameters
explaining care consumption, such as level of disability or adherence to treatments.
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Analysing Complex Life Sequence Data with
Hidden Markov Modelling

Satu Helske, Jouni Helske, and Mervi Eerola

Abstract When analysing complex sequence data with multiple channels (dimen-
sions) and long observation sequences, describing and visualizing the data can be
a challenge. Hidden Markov models (HMMs) and their mixtures (MHMMSs) offer
a probabilistic model-based framework where the information in such data can be
compressed into hidden states (general life stages) and clusters (general patterns in
life courses).

We studied two different approaches to analysing clustered life sequence data
with sequence analysis (SA) and hidden Markov modelling. In the first approach
we used SA clusters as fixed and estimated HMMs separately for each group. In the
second approach we treated SA clusters as suggestive and used them as a starting
point for the estimation of MHMMs.

Even though the MHMM approach has advantages, we found it to be unfeasible
in this type of complex setting. Instead, using separate HMMs for SA clusters was
useful for finding and describing patterns in life courses.

1 Introduction

In social science applications, sequence analysis (SA) has gained more and more
interest since its introduction in the mid-80s. It is now central to the life course
perspective where it has been used to understand various trajectories and crucial
transitions (Gauthier et al., 2014).
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Often the goal in SA is to find a typology of life sequences described as categor-
ical time series data. Dissimilarities between each pair of sequences is determined
using some criterion. Common choices have been optimal matching (McVicar and
Anyadike-Danes, 2002) and Hamming distances (Hamming, 1950; Lesnard, 2010),
but many modifications to these and also more fundamentally different methods
have been developed (see, e.g., Aisenbrey and Fasang, 2010; Elzinga and Studer,
2014). Usually these dissimilarities are then grouped using cluster analysis such as
Ward’s agglomerative algorithm.

Life course data often consists of not only one sequence per subject, but mul-
tiple parallel sequences, one for each life domain of interest. We refer to complex
sequence data for data which consist of multiple subjects and long multichannel
(multidimensional) sequences.

One option for studying such data is to combine the sequences of each subject
time point by time point by extending the state space of observations. This approach
is simple if the number of possible combinations is moderate, but the combined
state space grows rapidly as the number of domains and/or states grows. Multichan-
nel sequence analysis (Gauthier et al., 2010) has been used for computing pairwise
dissimilarities and finding clusters in complex sequence data (see, e.g., Eerola and
Helske, 2016; Miiller et al., 2012; Spallek et al., 2014). However, the dissimilarities
are largely affected by the chosen dissimilarity metric and the cluster allocation may
not be well suited to borderline cases. Also, describing, visualizing, and comparing
such data is difficult. We use hidden Markov modelling for gaining a probabilistic
descriptions of complex sequence data.

Hidden Markov models (HMMs) have been widely used in biological sequence
analysis (Durbin et al., 1998) and speech recognition (Rabiner, 1989). Typically, the
interest is in one long time series or another type of sequence. In social sciences this
approach has been called latent Markov modelling. Typically, the data consists of a
few measurements for multiple subjects.

Mixture hidden Markov model (MHMM) is a generalization of the HMM. There
we assume that the data consists of latent subpopulations with different model struc-
tures. In the context of social sciences, the mixture hidden Markov model approach
was formulated by van de Pol and Langeheine (1990) as the mixed Markov latent
class model and later generalized to include time-constant and time-varying covari-
ates by Vermunt et al. (2008) (who named the resulting model as the mixture latent
Markov model, MLMM).

Multidimensional responses are included in the formulation of the MLMM but,
to our knowledge, there are no empirical studies with complex life sequence data.
Few studies use (M)HMMs for multichannel social science data. Helske and Hel-
ske (2016) have illustrated HMMs and MHMMs for multichannel data but do not
conduct actual analyses with real data. Bartolucci et al. (2007) have studied crim-
inal trajectories using HMMs with multiple binary sequences per subject. The data
were large in the number of subjects (684 000 individuals), but sequences were
short (6 age categories) and they had fixed groups (men and women) instead of lat-
ent clusters. Crayen et al. (2012) have used a hierarchical MLMM for two-channel
categorical sequences to model dynamics of mood regulation of university students
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during one week. The sequences were longer (56 time points) but the number of
subjects is moderate (164) and they used only three states in both channels. In their
hierarchical model there were two parallel latent structures; one between the days
and the other within the days.

We study two approaches to analysing complex sequence data. The first is to
use sequence analysis and cluster analysis for finding a few sets of clusters and
then, separately for each cluster, to estimate an HMM. In this approach, hidden
Markov modelling is used to compress and describe life course information within
the clusters and to help choosing the number of clusters.

The second approach is to estimate a mixture model. Now the clustering is not
fixed but we get a probability of each individual belonging to each cluster. For large
data, estimating the MHMM with the maximum likelihood can be a complex and
time-consuming task unless the set of candidate models is restricted. We study the
option of using SA clusters and simple HMMs as a starting point for mixture mod-
elling.

2 Interpretation of hidden Markov models for life sequences

One rationale behind using the HMM approach for life sequence analysis was the
attempt to identify similar life course patterns based on similar hidden state traject-
ories. The similarity of hidden state sequences can be attributed to both external
factors, which are common to groups of populations, or to internal behavioural sim-
ilarities between individuals with similar features. Finding hidden dynamics is thus
important for analysing and grouping life courses and also for understanding rela-
tionships between factors that are measured. The significance of hidden states in life
sequence data is dependent on the chosen structure of the model. The goals of our
analysis were two-folded:

1. to group individuals with similar life course patterns (clusters) and
2. to compress information in observed states across life domains to capture patterns
and dynamics within a group (hidden states)

The aim was to find hidden states that compress the information across several
life domains into more general life stages. These life stages could be either stable
episodes between two transitions (e.g., employed and married without children) or
characterized by transitions in some of the life domains (e.g., moving between un-
employment and short-term jobs). We restricted to left-to-right models where trans-
itions back to previous hidden states are not possible. Such representation makes it
easier to comprehend the overall dynamics within a group and is also natural from
the life course perspective: even though individuals may be in similar states at dif-
ferent times, the second time has a different history compared to the first time. E.g.,
there could be a group where, at some points of their lives, individuals are married
with children, then divorced for a while, and later again married with children (but
with the history of having experienced a divorce).



212 HELSKE, S., J. HELSKE, & M. EEROLA

4 Satu Helske, Jouni Helske, and Mervi Eerola

3 Data

We illustrate the analysis of complex life sequence data using a subsample of the
German National Educational Panel Survey (NEPS) (Blossfeld et al., 2011).

We restricted to life courses of an age cohort born in 1955-1959. Only individu-
als who were born in Germany or moved there before age 14 were included.

The data consisted of monthly life statuses of 1731 individuals in three life do-
mains (career, partnerships, and parenthood) from age 15 to age 50. For each in-
dividual, there were three parallel sequences of length 434, which made altogether
2,253,762 data points. Using the monthly time scale allowed for detecting also smal-
ler fluctuations in life courses, e.g. recurrent transitions between unemployment and
employment.

3.1 Sequences

The sequences in three life domains were constructed as follows:

Career with 4 states:

» Studying (in school, vocational training, or vocational preparation)

* Employed (full-time or part-time)

¢ Unemployed

* Else (parental leave, military or non-military service, voluntary work, or other
gap in employment history)

Partnerships with 4 states:

* Single (never lived with a partner)
* Cohabiting

* Married/in a registered partnership
* Divorced/separated/widowed

Parenthood with 2 states:

¢ No children
e Has (had) children (biological, adopted, or foster children)

The coding for parenthood was very simple. A practical reason was that this
record was available for most individuals, whereas more detailed information was
often missing. On the other hand, we can argue that specifically the experience of
becoming a parent is relevant as one step in the developmental process into adult-
hood.

For the latter two life domains, the status of each month was usually determined
from the latest event. An exception was made for the rare partnerships that lasted
for less than a month; there separation was coded from the following month onward.
In a case of multiple records per month in the career domain, the final status was
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given according to assumed importance: school and vocational training came before
employment, which in turn dominated over vocational preparation, unemployment,
and other non-employment statuses.

Altogether 306 individuals (17.7%) had some missing information in one or two
life domains. Thus, at each time point we have at least some information from each
individual.

4 Hidden Markov models

In the context of hidden Markov models, observed states are determined via a
Markov process of hidden states. These hidden states cannot be observed dir-
ectly, but only through the sequence(s) of observations, since hidden states generate
(“emit”) observations on varying probabilities.

Assume we have multichannel sequence data for N individuals with C paral-
lel sequences of length T. Naturally, the following applies for single-channel data
(subjects with one sequence only) by setting C = 1. Let us denote the observation
in channel ¢, c=1,...,C, of individual i, i =1,...,N,attime ¢, t = 1,...,T, with
Vire and the corresponding hidden state with z;;. A discrete first order hidden Markov
model ./ is characterized by the following parameters:

* Initial probability of hidden state s:
s =P(zii =s); s€{l,...,S}hforalli=1,...,N.
¢ Transition probability from hidden state s to hidden state r:

dgr :P(th = r|Zi([7]> :S); S7r€ {17...,S},f0r all i = 17...7N-

* Emission probability of observed state m, in channel ¢ given the hidden state s:

bs(me) = P(yire =me|zie = s5); s €{1,...,8}, mc €{1,... M.},
foralli=1,....N. (1)

The (first order) Markov assumption states that the hidden state transition prob-
ability at time ¢ only depends on the hidden state at the previous time point # — 1:

P(Zit|Zi(z71)7-~~7Zi1) :P(Zit‘zi(zfl))' @

Also, the observed states at time ¢ are independent of all other observations and
hidden states given the hidden state at t. For multichannel sequence data, we as-
sume the same latent structure applies for all channels, i.e., the hidden state at time
t for individual i generates the observed state y;. in all channels ¢. Observations
Yirl, - - -, Virc are assumed independent of each other given the hidden state zj, i.e.,
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P(y;|zit) = P(vir1|zit) - - P(Virc|zir ). Fig. 1 illustrates an HMM with a hidden state
sequence and two channels.

@

(&)
N
(e
N
(2
N

Fig. 1 Illustration of the hidden Markov model structure for two-channel sequence data for indi-
vidual { with hidden states z;; ...,z;7 and observed states yjj¢ ..., Vire,¢ = 1,2.

The log-likelihood for the HMM is written as

N
logL =Y logP(Y;|.4), 3)

i=1
where Y; are the observed sequences in channels 1,...,C for subject i and .#Z de-
scribes the model and its parameters {7,A, By, ...,Bc}, where A = {a,} is a matrix

of transition probabilities and B, = {b,(m,)} is a matrix of emission probabilities
for channel c. The probability of observation sequences for subject i given the model

is
P(Y,|.#) =Y P(Yilz, M) P (2|.4)
all z
T
= ZP(ZI |4 )P(y; |21, HP zt|z—1, M )P(Yylzt, ) 4)
all z 1=2
T
= anl 21 y:ll 71 YIIC H[az, 12t Zr ym) bzt(yitC)L
all z t=2
where the hidden state sequences z = (z1,...,zr) take all possible combinations of
values in the hidden state space {1,...,S} and where y;, are the observations of

subject i at ¢ in channels 1,...,C; &, is the initial probability of the hidden state at
time # = 1 in sequence z; a;,_,,, is the transition probability from the hidden state at
time ¢ — 1 to the hidden state at 7; and b, (y;.) is the probability that the hidden state
of subject i at time ¢ emits the observed state at 7 in channel c.



LACOSA 11, LAUSANNE, JUNE 8-10, 2016

215

Analysing Complex Life Sequence Data with Hidden Markov Modelling 7

4.1 Mixture hidden Markov model

The mixture hidden Markov model is, by definition, a mixture of simple hidden
Markov models. We assume that the population consists of subpopulations of in-
dividuals (latent classes or clusters) with different life patterns. Respectively, the
mixture model consists of varying submodels that characterize the clusters. Trans-
itions from one cluster to another are not allowed.

Assume that we have a set of HMMs .# = {.#",..., . #X}, where .#* =
{7k, Ak Bk, ... B} for clusters k = 1,...,K. We denote P(.#*) = wy, as the prior
probability that an arbitrary observation sequence is generated by the submodel .#*
such that Zszl wr = 1.

The log-likelihood of the MHMM is of the form

N
logL = ZlogP(YJ///)
=1

N K
=Y log [Z P(a*)Y P (n|z,//k) P (4//‘)]
i=1 k=1 all z
N T
= lz wie Y 7k bE (vin) L (virc) [ i bk (vin) b,(yizc)ﬂ
=1 k=1 allz =2
)

For more detailed description of MHMMs, see Helske and Helske (2016) or Ver-
munt et al. (2008).

4.2 Model estimation

The log-likelihoods of (4) and (5) are efficiently calculated with the forward—back-
ward algorithm (Baum and Petrie, 1966; Rabiner, 1989). A common maximum
likelihood estimation method is the Baum—Welch algorithm, i.e., the expectation—
maximization (EM) algorithm in the HMM context.

The Baum—Welch algorithm requires starting values for model parameters. In
order to reduce the risk of being trapped in a poor local optimum, a large number
of initial values should be tested. Simpler models with few parameters are fast to
estimate; therefore, it is possible to fit the model numerous times with varying ran-
dom starting values for finding the model with the best likelihood. When the model
is large, estimation is more time-consuming and good starting values for model
parameters are useful or even essential.

The most probable path of hidden states for each subject given their observa-
tions and the model can be computed using the Viterbi algorithm (see, e.g., Rabiner,
1989). This path maximizes the probability of P(z|Y;, .# ).
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The forward-backward algorithm can also be used for computing posterior
cluster probabilities (the probability that subject i belongs to a certain cluster) for
MHMMs. These can be used for classifying subjects into different groups.

4.3 Model comparison

Models with the same number of parameters can be compared with the value of the
log-likelihood function. For choosing between models with a different number of
hidden states, we need to take account of the number of parameters.

Bayesian information criterion (BIC) is the usual criterion for comparing (M)HMMs.
We define it as

HMQ

fe

where L is given in equation 3, p is the number of estimated parameters, I is the
indicator function, and the summation in the logarithm is the size of the data. If
data are completely observed, the summation is simplified to N x T. The smaller
the BIC, the better the model.

When computing the log-likelihood for the combined model with fixed SA
clusters we simply sum the log-likelihoods of the cluster-wise HMMs. BIC of the
combined model is determined as

”MZ

BIC = —2log(L) + plog ( I(yire observed)> , (6)

||Mo

ek

where L; is the likelihood of the HMM of cluster k, p; is the number of estimated
parameters in the HMM for cluster k, and the summation in the logarithm is the size
of the full data set.

||Mz

K K
BIC = —2x Y log(Ly)+ Y pilog ( L(yire 0bserved)> . (D
k=1

S Visualizing sequence data and models

Visualization is an important tool throughout the analysis process from the first
glimpses into the data to presenting the results. As an example, we consider the
data and the HMM for one of the preliminary clusters described “Long education
and later family” (from the ten-cluster solution).

Fig. 2 illustrates a five-state HMM with the following life stages:

Single and (mostly) studying

Cohabiting, separated, or divorced; studying or employed
Married, studying or employed

Married with children, non-employed

-



LACOSA II, LAUSANNE, JUNE 8-10, 2016 217

Analysing Complex Life Sequence Data with Hidden Markov Modelling 9
0.0023 0.002 0:014
@ 0:0067 @ 0.016 @ 0.015 @ 0.0084 0
1 0 0 0 0
0.00022
0.00017

O EL/S/NC @ EM/C/NC @ ST/D/NC O ST/M/NC O ST/M/CH
B EM/S/NC B EM/D/NC O EL/M/NC @O EL/M/CH B UN/M/CH
O ST/SINC O ST/C/INC @ EM/M/NC B EM/M/CH O others

Fig. 2 Illustrating the hidden Markov model for the cluster of individuals with long education
and later family. Pies present five hidden states, with slices showing the emission probabilities
of combinations of observed states. States with emission probability less than 0.05 are combined
into one slice for easier interpretation. The edges show the transtion probabilities — the thicker
the edge, the higher the probability. Initial probabilities of the hidden states are given below
the pies. The descriptions of the combined states show career/partnership/parenthood statuses:
ST=studying, EM=employed, UN=unemployed, EL=else; S=single, C=cohabiting, M=married,
D=divorced/separated; NC=no children, CH=has child(ren).

5. Married with children, employed

The hidden states are described by the most probable emitted observations, but there
are also less probable states that are omitted from the plot for readability. E.g., the
second state also emits marriages with a small probability—from the most probable
hidden state paths in Fig. 3 we can see that these are marriages which end in divorce
relatively fast. We could interpret that the second hidden state describes a life stage
of searching for a partner before forming a long-lasting marriage.

All subjects start from the first state at age 15. At the start of the follow-up they
are all single and mostly studying. The most common transition is to the second
state, but the third state is quite probable also. Due to the monthly data, the transition
probabilities are small—individuals usually spend years in each state.

Most individuals move to the third hidden state which describes childless mar-
riage. It is the hidden state where individuals spend the least time on average. Trans-
itions to the fourth and the fifth hidden state are almost as common. These both de-
scribe parenthood; some move out of workforce for a while or until the end of the
follow-up, while some continue working.

6 Analysis

Estimating a large MHMM for complex sequence data can be difficult and time-
consuming unless the structure of the model is fixed or known, even approxim-
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Fig. 3 State distributions of combined observations (top) and sequences of observations in each
channel as well as the most probable paths of hidden states (bottom). Sequences are ordered by
multidimensional scaling scores. States 1-5 correspond to the hidden states presented in Fig. 1.
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ately. In other cases, the set of candidate models must be somehow restricted. In this
case we had little prior knowledge on the structure of the model; hence, how many
clusters to choose and how many hidden states to include in each cluster? As trans-
itions were frequent in some of the trajectories and infrequent in others, it was clear
that some of the clusters should contain more hidden states than others, leading to
an unfeasible large number of possible model structures.

We compared two different approaches for the analysis of complex sequence
data, of which both were conducted in a stepwise manner. The first two steps applied
for both approaches, whereas step 3 was different (denoted as 3a and 3b). More
detailed descriptions of the analysis process are given in the following sections.

1. Sequence analysis. Computing the dissimilarities between the subjects with the
Hamming distance. Using Ward’s hierarchical method for clustering individuals
with similar life courses. Choosing a set of reasonable clustering solutions for
preliminary analysis.

2. Hidden Markov models. Separately for each SA cluster, fitting simple HMMs
with a different number of hidden states. Choosing the best model for each pre-
liminary cluster.

3a. Combined HMMs. Constructing a combined model from separate HMMs (from
step 2), keeping parameters fixed. Computing the likelihood and BIC for com-
bined models with 7—12 clusters for determining the number of clusters. Com-
puting the most probable path of hidden states for each individual.

3b. Mixture hidden Markov models. For each clustering solution (7—12 clusters),
estimating an MHMM by using parameters of the corresponding HMMs (from
step 2) as starting values. Computing the likelihood and BIC of the MHMMs for
determining the number of clusters. Computing the most probable path of hidden
states for each individual.

6.1 Step 1: Sequence analysis and preliminary clustering

We started by applying multichannel sequence analysis and computed the dissimil-
arities between the sequences. These were then used in cluster analysis.

6.1.1 Sequence dissimilarities

We compared a few dissimilarity metrics that are suitable for multichannel data: op-
timal matching (OM), generalized Hamming distance (HAM), and dynamic Ham-
ming distance (DHD) (Lesnard, 2010). We chose the generalized Hamming distance
with theory-driven substitution costs (see Table 1). The metric compares observed
states time point by time point and gives a cost for mismatches. It generally works
relatively well in a problem where timing is important and also here resulted in
meaningful clusters with high goodness-of-fit (see Sect. 6.1.2).
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Table 1 Substitution costs for Hamming distances.

Career status — ST — EM — UN — EL — *

Studying (S) = 0 3 2 1 0
Employed (EM) — 3 0 2 2 0
Unemployed (UN) — 2 2 0 1 0
Else (EL) —» 1 2 1 0 0

Missing (*) = 0 0 0 0 0

Partnership status =S - C - M — D — *

Single (S) —
Cohabiting (C) —
Married (M) —
Divorced/sep. (D) —
Missing (¥) —

S WO
SN~ O
SN O =N
SO NN W
S oo oo

Parenthood status - NC — CH — *

No children (NC) - 0 3 0
Has children (CH) — 3 0 0
Missing (¥*) = 0 0 0

6.1.2 Cluster analysis

Ward’s method was chosen for clustering since it typically produces usable and
relatively even-sized clusters compared to most of the other clustering methods
(Aassve et al., 2007; Helske et al., 2015). We chose six clustering solutions with
7—-12 clusters for further examination. The choice was based on the dendrogram and
interpretability of the clusters. Ward’s method is agglomerative, so when two smal-
ler clusters are merged, all other clusters remain the same. This means that within
the six sets of clustering results there were only 74242 +2 4242 = 17 distinct
clusters (see Fig. 4 for an illustration).

Table 2 shows the goodness-of-fit statistics for different clustering results and
dissimilarity metrics, as measured by the proportion of the variation explained by
the clusters (pseudo coefficient of determination (R?); see Studer et al., 2011). Here,
generalized Hamming distances resulted in meaningful clusters with a relatively
high goodness-of-fit. OM resulted in clusters with as high goodness-of-fit while
DHD resulted in somewhat lower values of R? (though not by much). OM clusters
were similar to HAM clusters in many ways but had more variation in the timings
of first transitions into employment, partnerships, and parenthood.
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Fig. 4 Clustering structure for Ward’s agglomerative method shown for six sets of clustering res-
ults with 7-12 clusters.

Table 2 Proportion of variation covered by 7-12 clusters. Clustering was based on different dis-
similarity metrics; generalized Hamming distance (HAM), optimal matching (OM), and dynamic
Hamming distance (DHD)).

Clusters HAM OM DHD

7 0.38 0.38 0.35
8 0.40 0.40 0.37
9 0.42 042 0.38
10 0.43 043 040
11 0.44 0.44 0.41
12 0.44 045 042

6.2 Step 2: Simple hidden Markov models for clusters

At the next step, we estimated five HMMs with 4-9 hidden states separately for each
of the 16 clusters—fewer hidden states for simpler clusters, more for more complex
ones. Since the goal was to find life stages between adolescence and middle age,
having too few or too many hidden states was not plausible nor interpretational.

6.2.1 Model estimation

We set starting values for parameters by determining candidate hidden states from
observed data and re-estimated the model numerous times by altering these values
as follows. At first, we estimated the model 10,000 times with a large variation
in starting values. For each re-estimation step we added noise from the N(0,0.3?)
distribution to the the original starting values (with proper scaling and correction of
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signs). The aim of this estimation was to broadly explore the parameter space and
to get closer to the global maximum.

To make sure that we were at or near the global optimum, we re-estimated the
model by using the model with the highest likelihood as a stating point, now adding
noise from the N(0,0.15%) distribution. If the model with the highest likelihood
was found only a few times, similar estimation was repeated (again using the best
model as the new starting point) in order to be fairly certain to have found the global
optimum. For clusters with fewer members and models with fewer hidden states, the
first estimation step was often enough for finding the (assumed) global maximum.

6.2.2 Model comparison

For each cluster, the HMMs with a different number of hidden states were compared
to find the best model to use in the mixture models. BIC and other information
criteria are common choices for comparison of HMMs with different numbers of
hidden states. Another common option for model selection is cross-validation.

We chose to use BIC as it generally selects parsimonious models. BIC has been
proven consistent for ergodic stationary HMMs (Whiting and Pickett, 1988), but not
to left-to-right HMMs. Here, also BIC consistently chose models with more hidden
states and clusters than is interpretational or plausible.

A likely reason for poor performance of information criteria in this problem was
that we were comparing models which all were considerably simple compared to the
complexity of real life. The goal was to simplify and describe the overall patterns
and dynamics in life trajectories, not to find data-generating models.

However, we did use BIC as one source of information for choosing the number
of hidden states by looking for turning points in BIC after which additional hidden
states were not as profitable. In addition to BIC, the choice of the number of hidden
states was based on interpretability of the model and the prevalence of an additional
hidden state in the most probable hidden state paths—if a hidden state was “visited”
only rarely it was regarded as unnecessary.

6.3 Step 3 a: Combined HMMs

At this step we used the separate cluster-specific HMMs to construct combined mod-
els with 7-12 clusters. For each combined model, we computed the likelihood and
BIC to determine the best number of clusters.

The combined model with the smallest BIC was used for determining the best
number of clusters. Given the best clustering, we computed the most probable paths
of hidden states for each individual.
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6.4 Step 3 b: Mixture hidden Markov models

At this step we constructed six MHMMSs with 7—12 clusters. We used the estimated
parameters of respective cluster-wise HMMs as starting values for mixture models.
To avoid non-structural zeros in starting values, we added a small amount of 0.001 to
each starting value (with proper scaling). We estimated models in a similar manner
to the previous step, by using randomized starting values—first with a larger noise
and, after getting closer to the optimum, again with a smaller noise.

6.5 Software

Analyses were conducted with the R software (R Core Team, 2015) by using pack-
ages TraMineR (Gabadinho et al., 2011) for sequence analysis, cluster (Maechler
et al., 2015) for cluster analysis, and seqHMM (Helske and Helske, 2016) for hid-
den Markov modelling.

7 Results

The number of hidden states per cluster varied between six and eight. We applied
both the combined model and the mixture model approach for describing data and
determining the best number of clusters.

7.1 Combined model approach

Table 3 shows the BICs for models with 7—12 clusters. The model with eight clusters
resulted in smallest BIC (even the highest likelihood) and was chosen as the best
model. The model with seven clusters was almost as good; the only difference was
that the two childless clusters (see Figures xx and xxx) were combined into one.

Table 3 Number of parameters, log-likelihood, and BIC for combined models with 7-12 clusters.
The smallest value of BIC is shown in bold.

Clusters Parameters Log-likelihood BIC

7 533 —369075.7 745059.4
8 595 —364825.9 743368.2
9 643 —370746.2 755208.7
10 705 —368985.0 751686.5
11 767 —368977.5 751671.5

12 800 —373550.3 760817.0
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Fig. 5 and Fig. 6 illustrate the HMM structure for each of the eight clusters.
More detailed visualizations with observed sequences and most probable hidden
state paths are shown in the Appendix.

The clusters were well separated from each other by the timing and occurrence
of career and family states. The two largest clusters were characterized by (mostly)
short education and family. They differed in the timing of partnership and parent-
hood transitions which occurred either earlier in life (cluster A with 461 members of
which 59% were females) or later (cluster B, 403 members, 54% males) The third
largest cluster (cluster C, 266 members, 68 % males) mostly consisted of individuals
with long education and later family. Another cluster with early family transitions
(cluster D, 159 members, 96% females) was characterized with a long career break
for mostly taking care of children.

Two clusters were characterized by no or very late parenthood. They differed in
timing of the partnerships; the larger cluster (cluster E, 177 members, 51% males)
had earlier first partnerships while in the smaller cluster (cluster F, 116 members,
59% males) partnerships were delayed or omitted altogether.

The two smallest clusters consisted of single parents (cluster G, 47 individuals,
72% females) or parents living divorced or separated (cluster H, 102 individuals,
61% females).

7.2 Mixture model approach

The estimation of ordinary HMMs can be challenging due to multiple local optima
in likelihood surfaces, since typical parameter estimation algorithms often only find
these suboptimal solutions. Therefore, multiple starting values for the estimation
are needed to ensure that the global optimum is found. The same problem is even
more prevalent in complex MHMM settings with a large amount of parameters and
mixture components. In addition, when the structure of the model (the number of
mixture components and/or hidden states) is unknown, the amount of required com-
puting resources naturally multiplies.

Therefore, even after using allegedly reasonable starting values (from simple
HMMs), parallel computation, and extensive computing resources, we were not able
reach satisfactory results. With different starting values the estimation always res-
ulted in a different solution, so finding the global optimum would have required an
unfeasible amount of computing time and/or resources.

Even though we were not able to find optimal MHMMs, we did study some of the
suboptimal solutions. To study the differences of SA and MHMM clusters, we es-
timated a mixture model by keeping the initial, transition, and emission parameters
of the submodels fixed (i.e., estimating only prior cluster probabilities, later referred
to as the “non-estimated MHMM?”). This approach was similar to the combined
model approach, but instead of keeping the cluster memberships fixed we allowed
individuals to switch clusters. Each individual was assigned to the cluster with the
highest posterior cluster probability given their observed sequences.
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Short education & early family, n = 461
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Long career break & early family, n = 159
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Fig. 5 HMM graphs for the eight cluster solution (clusters A-D). State abbreviations show ca-
reer/partnership/parenthood statuses: ST=studying, EM=employed, UN=unemployed, EL=else;
S=single, C=cohabiting, M=married, D=divorced/separated; NC=no children, CH=has child(ren).
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Partnership(s) & no children, n =177

O-0+6-+0 "0 +0 +&

State 1 State 2 State 3 State 4 State 5 State 6 State 7

O EL/S/NC O EL/C/NC O ST/C/NC O EL/M/NC O others
0O ST/SINC B EM/C/NC @ EM/M/NC B UN/D/NC
B EM/S/NC B EM/D/NC B EL/D/NC B UN/M/NC

No or late family, n = 116
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Single parents, n = 47
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Fig. 6 HMM graphs for the eight cluster solution (clusters E-H). State abbreviations show ca-
reer/partnership/parenthood statuses: ST=studying, EM=employed, UN=unemployed, EL=else;
S=single, C=cohabiting, M=married, D=divorced/separated; NC=no children, CH=has child(ren).
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Many individuals switched clusters compared to the SA solution (see Table 4).
Some cluster were more stable; close to 90% of the members of the SA clusters
“Single parents” and “Partners and no children” stayed in the same cluster in the
MHMM solution. Others had many switchers; less than half of the members of SA
clusters “Short education and early family” and “Long education and later family”
stayed in their original clusters in the MHMM solution.

Table 4 Comparison of SA cluster memberships (left) to most probable cluster memberships from
the non-estimated MHMM (top). Probabilities of staying in the same cluster are shown in bold.

MHMM clusters
SA clusters A B C D E F G H Members
Short educ. & early fam. (A) 0.32 0.35 0.15 0.11 0.00 0.00 0.06 0.01 461

Short educ. & later fam. (B) 0.09 0.64 0.16 0.09 0.00 0.00 0.03 0.00 403
Long educ. & later fam, (C) 0.06 0.32 0.43 0.13 0.00 0.00 0.07 0.00 266

Career break & early family (D) 0.04 0.39 0.03 0.54 0.00 0.00 0.00 0.00 159
Partnership(s) & no child (E)  0.00 0.05 0.03 0.00 0.87 0.05 0.00 0.01 177
No or late family (F) 0.00 0.03 0.01 0.03 0.32 0.60 0.00 0.01 116
Divorced parents (G) 0.04 0.00 0.03 0.16 0.00 0.00 0.77 0.00 102
Single parents (H) 0.00 0.00 0.02 0.00 0.00 0.00 0.04 0.94 47
Number of cluster members 207 577 260 228 191 79 138 51 1731

If the MHMM parameters were estimated jointly, the differences compared to
the SA clusters were even larger (we do not report the findings as we were not
able to find the globally optimal model). In both MHMM approaches, the order and
occurrence of states were generally more determining for the cluster memberships
than the timing and duration of states. Fig. 7 illustrates this difference seen in the
cluster “Short education and early family”, showing the observed and hidden state
sequences of members of the SA cluster and the cluster from the non-estimated
MHMM. One can easily see that the variation in the timing of transitions between
states (both observed and hidden) is much larger in the MHMM cluster compared
to the SA cluster.

8 Discussion

When analysing complex sequence data with multiple channels, describing and
visualizing the data can be a challenge. Hidden Markov models and their mixtures
offer a probabilistic model-based framework where the information in data can be
compressed into hidden states (different life stages) and clusters (general patterns
in life courses). Hidden states can capture general life stages that include not only
rather stable episodes (as the fifth hidden state of work, marriage, and children in
Fig. 2) but also life stages characterized by change (as the second hidden state of
searching for a partner in Fig. 2).
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Fig. 7 Comparison of a cluster (Short education and early family) given by SA and the non-
estimated MHMM.

Mixture hidden Markov modelling has several advantages. With posterior cluster
probabilities we get information on certainty of the clustering for each individual
and a measure for the goodness of the classification. We can also extend the model
by adding covariates for explaining cluster memberships or transitions between hid-
den states. The MHMM approach has been used successfully in simpler settings,
e.g., for accounting for measurement error and for finding clusters of “movers” and
“stayers” between two hidden states.

The downsides of MHMM analysis are related to computational issues. Max-
imum likelihood estimation of parameters of a complex MHMM is computationally
heavy. Due to multimodality of the likelihood surface we need to estimate the model
numerous times with different starting values. Also, often the structure of the model
(in terms of the number of hidden states and/or clusters) is not known and in general
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selecting the best structure is a nontrivial task. Thus, finding the globally optimal
MHMM can become unfeasible without constraining the problem.

Using sequence analysis and cluster analysis as a starting point might be useful
by providing preliminary classification and by limiting the set of candidate models
for a complex MHMM setting. In our study we were not able to reach satisfactory
results. Our data was much more complex than in a typical MHMM analysis where
sequences often come from panel data with a moderate number of measurement
points. The multichannel structure, long sequences, and the relative large number
of individuals in our data was a challenging combination for parameter estimation.
Also, typically the number of candidate models is rather limited; when HMMs are
used for accounting for measurement error, the number of hidden states is known
in advance and usually the state space is very limited (e.g., poor/nonpoor or drug
user/nonuser). In our study the model structure was unknown and we expected to
find several clusters, each with an unknown number of hidden states.

Instead of using mixture models, we treated the SA clusters as fixed and estim-
ated HMMs separately for each cluster (the combined model approach). With SA
we found clusters that were adequately well separated by the timing and duration of
life states. Hidden Markov models were used for choosing the number of clusters
and for describing the overall dynamics within clusters.

Clusters found using SA and the MHMM were different in several ways. When
defining sequence dissimilarities, we considered the timing of the events very im-
portant and used Hamming distances. In the MHMM analysis many individuals
switched clusters; the order of states was generally more determining than their
timing and duration. Further research is needed in order to determine distance met-
rics that result in SA clusters which capture similar features as HMMs. Metrics that
weight the order of states instead of their timing such as the number of matching sub-
sequences or the subsequence vectorial representation metric (Studer and Ritschard,
2016), might produce clustering results that are better suited for the starting point
of MHMM estimation. Unfortunately, using these metrics with multichannel data is
not a straightforward task.

Another topic for further research is model selection of left-to-right HMMs and
MHMMs. In our study, BIC performed poorly. Further theoretical and empirical
studies are needed for detecting the reasons for its failure and for discovering selec-
tion criteria that are better suited for finding parsimonious HMMs.

The aim of our study was to describe complex life sequence data. For that goal,
SA and the combined HMM approach gave satisfactory results in a reasonable
time. We were able to find meaningful clusters and to visualize their complex life
course information by using stacked sequence plots, combined state distributions,
and HMM graphs.
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Appendix

Detailed visualizations of the eight SA clusters and the respective HMMs. Figures
show state distributions of combined observations at each time point (top), observed
sequences in three life domains and the most probable hidden state paths given the
HMM (middle), as well as HMM graphs with initial and transition probabilities
(bottom). See Sect. 5 for more information on how to interpret the visualizations.
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Short education and early family, n = 461
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Long career break & early family, n = 159
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Partnership(s), no children, n = 177
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No or late family, n = 116
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Divorced parents, n = 102
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Single parents, n = 47
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A discussion on Hidden Markov Models for Life
Course Data

Danilo Bolano, André Berchtold, Gilbert Ritschard

Abstract This is an introduction on discrete-time Hidden Markov models (HMM)
for longitudinal data analysis in population and life course studies. In the Marko-
vian perspective, life trajectories are considered as the result of a stochastic process
in which the probability of occurrence of a particular state or event depends on the
sequence of states observed so far. Markovian models are used to analyze the tran-
sition process between successive states. Starting from the traditional formulation
of a first-order discrete-time Markov chain where each state is liked to the next
one, we present the hidden Markov models where the current response is driven
by a latent variable that follows a Markov process. The paper presents also a sim-
ple way of handling categorical covariates to capture the effect of external factors
on the transition probabilities and existing software are briefly overviewed. Empir-
ical illustrations using data on self reported health demonstrate the relevance of the
different extensions for life course analysis.
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1 Introduction

Markovian models are stochastic models dedicated to the analysis of the transitions
between successive states in sequences. More specifically, a Markovian model aims
to describe how the current distribution of the possible values of a characteristic
of interest depends on the previously observed values, and possibly how this de-
pendence may be moderated by observable covariates or some unobservable latent
factor.

Markov models have been extensively applied in many research areas such as
speech recognition, behavior analysis, climatology, or finance. In demographic and
population studies, they have been used for multistate analysis (e.g. Rogers, 1975;
Land and Rogers, 1982; Willekens, 2014), for modelling population processes
and life cycles (e.g., Feichtinger, 1973; Caswell, 2009), for analysing social mo-
bility (since e.g., Hodge, 1966; McFarland, 1970), and so on. However, most of
these studies consider only a simple Markov process, a first-order homogeneous
Markov chain. Extensions such as higher order Markov chains, latent-based and
non-homogeneous Markov models are instead rarely used. The aim of this paper
is to underline the potential of latent-based Markov models, the so-called Hidden
Markov Models, for life course studies.

In the Markovian perspective, life trajectories are considered as the result of a
stochastic process in which the probability of occurrence of a particular state or
event depends on the sequence of states observed so far. In other words, consider-
ing life trajectories as sequences of mutually exclusive states—e.g., sequences of
employment statuses or of health conditions—a Markovian process focuses on suc-
cessive transitions and attempts to depict the life history of an individual looking at
the probabilities to switch to the different states of interest given the state history
lived so far.

Markovian models form an extremely flexible class of models. The most imme-
diate application is the study of transition mechanisms between successive states
(e.g., studies on working career, social mobility, evolution of health conditions).
A basic Markov chain models directly the transitions between visible states, while
hidden Markov models prove useful to study how the succession of observed states
may be governed by an underlying latent process. The latter approach is particularly
interesting in life course studies where many not- or hardly observable aspects such
as motivations, beliefs, levels of frailty, may influence the observed behavior of an
individual. The salient aspect of hidden Markov models is that, unlike other latent
models, it allows for a time-varying latent characteristic. Such models prove useful,
for example, to study the transitions between unobserved vulnerability statuses re-
vealed through some observable variable such as the health condition or the general
satisfaction level.

The paper focuses on several important aspects of using Markov based models
for life course studies addressing the analysis of transition mechanisms (Section 3),
the modelling of latent processes (Section 4), probabilistic clustering, and how to
evaluate the impact of covariates on the transition process (Section 6). Finally, ex-
isting software are briefly commented in Section 7 and the concluding discussion
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in Section 8 recaps the scope and applications of Markov modelling for life course
analysis. The concepts presented all over the article are illustrated with longitudinal
data on self-rated health represented in Section 2.

2 Longitudinal data on self-rated health condition

For illustration we use data from 14 waves of the Swiss Household Panel (Voor-
postel et al., 2013). It is a yearly panel study started in 1999. We focus here on
an unbalanced sub-sample of 1,331 individuals aged 50 years and more at the first
interview and with at least three measurement occasions.

We intend to study the change over time in self-rated health conditions (SRH).
We will analyse the transitions between SRH conditions (Section 3) and, by the
means of a hidden Markov model, we will test whether there is some underlying
hidden process that drives the observed changes (Section 4). Finally we will inves-
tigate the effects of the educational level on the process (Section 6).

The SRH condition is defined from the question “How do you feel right now?”.
Five possible answers were proposed: “not well at all”, “not very well”, “so-so”,
“well”, “very well” that we shall denote respectively as P (poor), B (bad), M
(medium), W (well) and E (excellent) health condition. The distribution on the over-
all dataset shows a general condition of good health. Near 80% of the respondents
feel well (W) or very well (E) and only 2% bad (B) or very bad (P).

3 Markov chains

A discrete-time Markov chain is a stochastic process that describes how individuals
transit between a finite number of pre-defined categorical states.

A Markov process models the probabilities of being in a state given the states
visited in the past. In its basic formulation, the next value of the variable of interest
depends only on the current state that is assumed to summarize the whole history
of the individual. This is known as the Markov property and it defines a first-order
Markov chain (Figure 1). For instance, with the two state alphabet corresponding to
being in good (G) and bad health (B), we would consider, for people in a bad health
condition, the probability to stay in the same condition the next period, p(B|B),
versus the probability to improve their health condition, p(G|B). And, for those
who are in a good health, the probability to have a deterioration in health condition,
p(B|G), versus the probability to stay in good health, p(G|G).

The probability of switching from a given state to another is often assumed to re-
main unchanged over time. This defines a time-homogeneous Markov process. This
assumption is tenable in fields as machine learning, biology but is often violated in
applications in the social sciences. For example the probability of recovering from
a bad health condition is likely to change over time with the age of the respondent.
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Fig. 1: A graphical representation of a first-order Markov chain.

For simplicity, this paper focuses on time-homogenous Markov processes but ex-
tensions to relax the homogeneity assumption have been proposed in the literature
(see for instance the Double Chain Markov models proposed by Berchtold, 1999).

Table 1: First order Markov chain for SRH trajectories. The transition matrix.

X
P B M W E
0.261 0.217 0.348 0.13 0.043
0.024 0.159 0.53 0.271 0.018
0.006 0.049 0.473 0.435 0.038
0.002 0.009 0.141 0.726 0.123
0.000 0.003 0.043 0.521 0.433

>
[}
mgzwm*

The transition probabilities are generally represented in matrix form in the so-
called transition matrix (see for example Table 1). It is a square matrix of order m,
with m the number of states.

Considering our illustration on self-rated health conditions, Table 1 reports the
transition probabilities between health conditions estimated for a first order Markov
chain. The probabilities to stay in the current state, reported on the main diagonal,
are, with one exception, smaller than 50% meaning that there are frequent changes
within the health trajectories. The probability to change the health condition is par-
ticularly high for people in bad condition. The probabilities of changing from a poor
and a bad condition are respectively 73.9% and 84.1%.

4 Hidden Markov models

4.1 Including a latent process in life course data

Instead of modelling the stochastic process of the variable of interest—the health
status in our illustration—it is often more realistic to assume that the successive
values of this variable are governed by the underlying process of a latent variable
such as motivation, belief, or vulnerability. Assuming that such categorical latent
variable can change over time (i.e., is time-varying) following a Markov process,
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we get the so-called hidden Markov model (HMM) (see, e.g., Rabiner, 1989). The
modalities assumed by the latent variable are called hidden states.

HMMs are widely used in biosciences and genetics (e.g., Le Strat and Carrat,
1999; Shirley et al., 2010) to study sequences of DNA and protein. An extensive
literature exists in speech recognition since Baum and Petrie (1966). HMMs are also
used in behavioral and criminal studies (Bijleveld and Mooijaart, 2003; Bartolucci
et al., 2007), psychology (e.g., Visser et al., 2002) and in economics and finance
where they are known as regime switching models (e.g., Elliott et al., 1998; Hayashi,
2004; Netzer et al., 2008).

There are several alternative ways of interpreting the latent variable in HMM
providing multiple potential usages of this approach in life course studies. First, the
HMM latent variable can be seen as a related unobserved characteristic of interest.
For instance, assuming the reported health condition depends on the unobserved
frailty level of the individual, an HMM would allow to study the stochastic process
of this unobserved frailty.

Second, the hidden states may serve to capture the process heterogeneity or more
specifically the ‘person-position’ heterogeneity, i.e., differences in the individual
outcome probabiility distribution at the successive positions (e.g., McLachlan and
Peel, 2000; Zucchini and MacDonald, 2009). In that case, the levels of the latent
variable do not receive any specific interpretation but are just supposed to render the
diversity of the person-period behaviors.

Third, HMM can be used for probabilistic clustering (see Section 5). This is
similar to the capture of the process heterogeneity except that here a higher focus is
put on each level of the latent variable being interpreted as a distinct latent class.

4.2 The HMM framework

When modelling life course data with an HMM, the sequence of observed events/s-
tates are supposed to be stochastically generated from a hidden Markov process.
For each hidden state we have a different distribution of the visible state. So, it is
the hidden process that selects at each position the distribution of the visible state.!
Figure 2 shows a path diagram of a first-order hidden Markov process.

While a basic discrete first order Markov model is characterized by a response
variable X (¢) with m modalities and a m X m matrix of transition probabilities A,
a first-order discrete HMM consists of five elements: i) a response variable X (¢)
with m modalities;? ii) a categorical latent variable S() with k modalities; iii) a
k x k matrix Q of transition probabilities between two successive hidden states; iv)
the emission—or outcome—probabilities, i.e., the probabilities p;(x;), of observing

! For the sake of simplicity, in the rest of the paper, we shall omit the adjective “hidden” or “visible”
when the nature of the state is unambiguous from the context.

2 Even though the outcome variable X (¢) could also be numeric, we consider here only the case of
a categorical response variable for simplicity.
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Fig. 2: A graphical representation of a first-order hidden Markov model. S; is the
latent variable at time #, X; the observed response variable.

X; = x; when being in the hidden state i; v) the initial probability distribution 7 of
the k hidden states

The simplest HMM—a homogeneous hidden Markov model of order one—can
be summarized using the following equations:

qt'j:p(st:”Sl*l :]) t=1,...T (1a)
m=p(Sy=i) i=1,.k (1b)
pilx) =pXr =x|Sr=1i) i=1,..,k (1c)

The first two equations represent the unobservable part of the model. Equation (1a)
states that the latent variable S; follows a first-order Markov process. So the cur-
rent hidden state depends only on the previous one. As for visible Markov chains,
a higher order dependence can be introduced. Equation (1b) gives the initial proba-
bility of the hidden states, i.e., the probability at the first time point r = 1.

The third equation (Eq 1c) refers to the measurement part of the model. It states
that the visible state is determined by a hidden-state-dependent process—the emis-
sion probabilities (vertical arrows in Figure 2). Such emission probabilities are also
known in the literature as response probabilities. The probability distribution of X;
depends only on the current hidden state and does not depend on previous observa-
tions nor on previous hidden states. In other words, Equation (1c) assumes that the
observations are conditionally independent given the latent process. This is known
as the local independence assumption.

4.3 Model comparison and selection of the number of hidden states

An important aspect with HMM is the choice of the number of hidden states.
In some settings, the relevant number of states can be determined on theoretical
grounds. This would be the case, for instance, when the latent variable explicitly
stands for an a priori defined unobservable characteristic such as frail versus non-
frail. Alternatively, we may want to let the number of states be determined from the
data, i.e., choose the number of states on statistical grounds.
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Since the HMM is an extension of mixture models, the issue of finding the num-
ber of hidden states is similar to find the number of mixture components (McLachlan
and Peel, 2000). Information criteria such as the AIC and the BIC can be used. The
model with the lowest BIC (or AIC) is chosen. Although other model selection cri-
teria exists (e.g. cross-validated likelihood, Celeux and Durand, 2008), the BIC is
the most commonly used.

For instance, in order to select the optimal number of hidden states in our empir-
ical example, we compare several models in terms of likelihood and BIC increasing
the number of hidden states up to 5 (Table 2). The lowest BIC (17971.8) is observed

Table 2: SRH trajectories. The choice of the number of hidden states.

Model No. of hidden  Free  Log-Likelihood BIC

states parameters
HMM 2 11 -10532.6 21167.2
HMM 3 20 -8893.17  17971.82
HMM 4 31 -8887.315  18062.1
HMM 5 44 -8782.427  17972.87

Note: the number of parameters and the BIC do not include the null transition probabilities.

for the model with three hidden states.

4.3.1 A 3-state HMM for SRH trajectories

As for other latent-based models, the order of the hidden states is not meaningful.
The relationship between the data (i.e., the outcome variable) and the hidden states
have to be analyzed using the emission probabilities (Eq. 1c, here reported in Ta-
ble 3a) in order to give a “name” (labeling) each state. An alternative is to estimate
for each individual the most likely sequence of hidden states (by the means of the
Viterbi algorithm, Viterbi, 1967) and then to provide a cross tabulation between
observations and the predicted hidden states (Table 4).

The first hidden state refers to individuals with perfect health condition with
high chances to be in excellent (56.1%) or well (42.1%) condition. We will refer
to this hidden state as a situation of “very good” condition (VG). Hidden State 2
is instead mainly associated with state M (65%) or with a worse health conditions
(10% of probability of feeling B “not very well” or P “not well at all”’). We will then
label this state as “frail”” health condition (F). This is the only state with individuals
potentially at risk of frailty since in hidden state 1 and 3 we have almost no chance to
be in a poor or very bad health condition. Finally, Hidden State 3 is an intermediate
situation mainly associated with W (84%) or M (almost 10%). We will refer to State
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Table 3: Three-state HMM

(a) Emission probability distribution by hidden states (columns).

Hidden State 1 Hidden State 2 Hidden State 3

SRH F G VG

P 0.013 0.000 0.000
B 0.082 0.002 0.002
M 0.649 0.098 0.016
w 0.245 0.841 0.421
E 0.011 0.059 0.561

(b) Initial hidden state distribution 7

F G VG
0.199 0.528 0.273

(c) Transition matrix between hidden states.

S
S1 F G VG
F ,£0.943 0.057 0.000
Q=G <0.034 0.957 0.009)
VG\0.000 0.084 0.916

Table 4: Cross tabulation between observed states (by rows) and predicted hidden
states (1,331 individual sequences.)

SRH F G VG
P 29 0 0
B 181 10 3
M 1383 655 29
W 426 5471 798
E 22 414 1228

3 as a state of “good” health (G). In the rest of the paper we will then (re)label and
(re)order the hidden states as F', G and VG.

The transition probabilities between hidden states can be represented in matrix

form (Table 3c) or since we have only three hidden states (i.e. the latent variable has
three categories) as a path diagram (Table5). In the diagram, the arrows correspond-

3 Here, the labels of the hidden states will be printed in italics since such states are not observed
but inferred from the data.
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ing to probabilities estimated as zero are not shown and for readability purposes
transition probabilities have been rounded to two decimals.

Table 5: Transition probabilities as path diagram.

0.94

0.92 0.96

0.08

Despite the overall healthy aging of the Swiss population, we identify a relevant
risk of vulnerability since the first observation. The initial distribution of hidden
state (7 in Table 3b) even if dominated by the hidden state G (52.7%), reports a
19.9% of chance to start the trajectory in a potentially at risk situation of frailty
(hidden state F).

According to the transition probabilities (Table 3c), the states are very persistent
meaning that a stability in health patterns is observed. There is more than 90% of
probability to stay in the same state for two consecutive periods and three transi-
tions, (F —VG), (G—VG), (VG —F), are extremely rare or impossible. The tran-
sition probabilities for individuals with a good health condition, hidden state G,
are particularly interesting. It is the most common hidden state and estimated to be
used 59% of the time. Apart from those who stay in the same hidden state, they
have more chance to fall down in the at frail condition rather than to improve their
situation (3.4% vs 0.9%) confirming that a risk of a slight deterioration in health
condition in the following period exists despite a general tendency of stability over
time.

Once estimated the hidden states via the Viterbi algorithm (Viterbi, 1967) we
can graphically represent their cross-sectional distributions as in the chronogram
reported in Figure 3.

These results confirm the one reported for a visible Markov chain with a Swiss
population in good health and with a pattern of stability or slightly deterioration
over time. However, unlike before, a hidden Markov model allows to distinguish
between three different conditions (the three hidden states) instead of analyzing the
transition probabilities among the five observed health states.
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Freq. (n=1331)
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0.4

0.2

0.0

Fig. 3: Sequence of cross-sectional distributions of hidden states.

5 Using HMM for probabilistic clustering

As already mentioned, hidden states can be interpreted as latent classes and, there-
fore, HMM can serve for clustering. HMM belong to the class of mixture models so
clustering with HMM 1is a model-based probabilistic clustering method. The class
membership is given by the different emission probability distributions assigned to
the hidden states.

HMM can perform two main types of clustering depending on whether the la-
tent class is allowed to vary or not over time. We cluster person-position (person-
period) states when the hidden state can vary over time, i.e., when using an un-
constrained HMM, and trajectories when the latent variable is constrained to re-
main fixed over time. Other alternatives have been proposed in the literature as (e.g.
Bicego et al., 2003) deriving pairwise dissimilarities between estimated sequences
of hidden states and then to proceed with a dissimilarity-based clustering from those
dissimilarities. Here, we focus on the first two alternatives.

5.1 Person-position state clustering

In an unconstrained conventional hidden Markov model, the latent variable is time-
varying. Therefore, each individual may move from one cluster to another over time.
In that case, we do not get clusters of individuals but clusters of states, actually of
person-position states. Considering, for example, the three-hidden-state HMM fitted
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Table 6: Emission probability distributions (columns). Constrained model.

SRH F G VG
0.011 0.001 0.000
0.069 0.003 0.003
0.55 0.114 0.021
0.346 0.801 0.458
0.024 0.081 0.518

Mg wT

before, we would have a cluster of frail states (), one of good (G) and one of very
good (VG) states of health conditions.

The membership probability at each time point is obtained multiplying the ini-
tial distribution 7 by the matrix of transition probabilities Q of the hidden process.
For example, in our empirical example, the overall cluster membership probability
distribution would be at position 3 given by 7 Q*Q

F G VG
nQ*= (0.212 0.549 0.239) ,

5.2 Trajectory clustering

To cluster the trajectories—the entire individual sequences—we have to constrain
the transition matrix of the hidden process to be the diagonal identity matrix. This
makes the latent variable time-invariant and individuals will belong to one and only
one cluster during the whole period of observation. As in the period-position state
case, we have to resort to the Viterbi algorithm to get cluster memberships.

5.2.1 HMM trajectory clustering of SRH conditions

We illustrate the clustering of trajectories with the SRH data by constraining the
transition matrix Q of the hidden process to be the identity matrix I. Re-estimating
the model with this constraint, we get the emission probability distributions reported
in Table 6. We use the notation S to designate the hidden states estimated using such
a constrained transition matrix.
According to the initial probabilities,
F G VG
7 =(0.245 0.554 0.201)
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Fig. 4: Sequences of predicted hidden states. Unconstrained HMM (left-hand side)
and with identity transition matrix (right-hand side).

we get a probability of 20.1% to belong to the hidden state VG, 55.4% of being in
hidden state G and 24.5% to be in “at risk” group F

If we compare Table 6 with the emission probabilities for the unconstrained
HMM (Table 3a), we observe only slight differences. Therefore, the interpretation of
the hidden states remains the same and this justifies using a similar labelling of the
clusters. Using the constrained transition matrix, the frail hidden state F—actually
a frail trajectory—seems to include a few more individuals with good health con-
ditions than the frail state in the unconstrained case. People classified in this frail
‘trajectory’ have 37% chances to declare a well or excellent condition at one time
point versus 26% for those in the frail state of the unconstraint model.

Figure 4 shows the differences in ten sequences of hidden states estimated using
an unconstrained HMM (clusters of person-period states, left panel) and with the
constrained transition matrix (clusters of trajectories, right panel). In the right panel
where we cluster trajectories, each case remains in the same estimated hidden state
for all periods where he/she responded. Looking at the first sequence for example,
the individual is, according to the unconstrained HMM, in the hidden states VG
for two periods and then, because of a worsening in its health status, he/she moves
to hidden states G for the next four periods. According to the constrained model,
he/she is estimated to have a good health G trajectory.

The appropriate approach should be chosen according to the research question.
If the goal is to cluster individuals according to the entire trajectories and to study
variation between groups, then a constrained matrix should be used. If we want
to focus on the evolution of the situations lived by the individuals such as short
periods at risk and recovery from positive or negative shocks, a person-period state
clustering, i.e., an unconstraint HMM, is better suited.
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6 Covariates

So far we have seen how Markov models can describe the probability to be in one
or the other state of a response variable—the SRH in our illustrative example—in
terms of the previously observed states of this same variable or of a latent Markov
process. However, it is natural to make this relationship with previous values also
depend on external factors so that we can test whether the fitted Markov process
remains the same for different values of covariates. For example, we may want to
know whether the evolution of the SRH is the same for men and women, or for
people with different education levels. Covariates are a concern for both visible
Markov models and HMMs.

In the literature, several methods have been considered to account for covariates.
Berchtold and Raftery (1999) distinguish between two main approaches: By making
the transition probabilities depend on the covariates, e.g., by means of a multinomial
regression model, or through the interaction between the previous states and the val-
ues taken by the covariates. The first alternative is flexible. It can be used with multi-
ple categorical as well as continuous covariates and also in case of multiple response
variables (Bartolucci et al., 2015). However, parametrizing the transition probabili-
ties dramatically increases the complexity of the model, which in turn involves many
numerical computation difficulties. For a detail discussion on this approach refer to
Bartolucci et al. (2012).

Here, we focus on the second alternative. The advantage of this second approach
is its simplicity. It can be applied straightforwardly without modifying the estima-
tion procedure both for Markov chains and Hidden Markov Models. However, this
way of doing implies an increase of the number of probabilities to be estimated and
works only with categorical covariates.

There are two main alternatives to make the current state depend on interaction
between the modalities of categorical covariates and the previous states. We can ei-
ther estimate directly one, possibly very large, transition matrix or approximate the
matrix with a mixture model similar to the Mixture Transition Distribution model
model proposed by Berchtold and Raftery (2002) for high-order Markov chains.
We focus here on the first alternative where we estimate a single transition matrix
with a row for each combination of the values taken by the covariates and the lag
of the variable. The estimation of this matrix requires to simply count the number
of observed transitions for each combination of modalities of the covariates. This
approach is easy to implement however, increases the number of parameters to es-
timate. For the SRH data with two covariates—e.g. age and education—with each
three modalities, the transition matrix would have 5 x 3 X 3 =45 rows and this num-
ber would increase exponentially with the number of variables and proportionally
with the number of modalities of each variable. Below we include the covariates in
the the three-state hidden model.
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6.1 Effect of education level on the SRH process

We illustrate how we can account for covariates by studying the effect of educa-
tional level on the SRH trajectories More specifically, we include the covariate in
the HMM with three hidden states considered before.

The level of education has been coded into three categories: Low, lower sec-
ondary level (22.29% of the 13,976 data points); Medium, secondary level and vo-
cational school (44%); High, high educational level combining high level vocational
school, maturity and university degrees (33.71%).*

The result of the direct estimation of the HMM with the education covariate is
given in Table 7. The emission probabilities are very close from those of the model
without covariate (Table 3). Therefore, we can maintain the same interpretation and
labels for the hidden states.

From the transition matrix D, the probability of falling in the frail hidden state
(F) decreases with the level of education. Moreover, less educated people have a
probability to already be in a frail situation at the beginning of the sequence (Ta-
ble 7b) twice bigger than the most educated ones (0.311 versus 0.139). The level of
education has a slight positive impact also on chances to recover from a frail con-
dition. For instance, people with high level of education have 2% more chances to
move from a frail (F) to a good (G) situation (transition F-G) than those with a lower
level of education (7% against 5%). Similarly, the probability of a worsening in the
health condition (transition G-F) decreases with the educational attainment. All this
indicates that education affects positively the evolution of the health condition.

7 Available software

According to some scholars (Ritschard and Oris, 2005; Scott et al., 2005), the lim-
ited use of Markovian models in life course and medical studies is also due to
the limited software offer. Even the conventional homogeneous first-order Markov
chains are not directly available in standard packages such as SPSS, Stata or SAS,
and few dedicated software have been implemented. The March software> for cat-
egorical variables, for instance, was introduced in 2000 but, even though it offers
advanced tools, March is not a free software, it runs only under the Microsoft Win-
dows environment and is no longer maintained.

Fortunately, there are now several R packages that offer functions to model
Markovian models. Most of these packages are designed for specific aims (e.g. for
univariate time series or with specific type of processes) and not all propose the pos-
sibility to include the effect of external covariates. The more interesting R packages
for fitting Markov models are msm (Jackson, 2011) and Biograph (Willekens,

4 The percentages reported reflect the overall distribution of the educational level over the 14 waves
considered.

5 Software available at http://www.andreberchtold.com/march.html
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Table 7: Direct estimation of the HMM with education as covariate.

(a) Emission probability distributions

F G VG

P 0.013 0.000 0.000
B 0.082 0.002 0.002
M 0.647 0.097 0.016
G 0.247 0.844 0.423
v
H

0.011 0.057 0.559
CI-Width 0.026 0.015 0.026

(b) Initial hidden state distributions (1)

F G VG

Low 0.311 0.500 0.189
Medium 0.187 0.502 0.311
High  0.139 0.563 0.298

(c) Hidden transition distributions (D)

t — 1 Education F G VG

Low 0.950 0.050 0.000
Medium 0.949 0.051 0.000
High 0.922 0.074 0.005
Low 0.049 0.937 0.014
Medium 0.035 0.954 0.011
High 0.026 0.968 0.006
VG Low 0.000 0.137 0.864
VG Medium 0.000 0.091 0.909
VG High 0.000 0.065 0.935

QQ Q™™

2014) for multi-state models in continuous time; markovchain (Spedicato and
Signorelli, 2014) for discrete-time Markov chains; Hi ddenMarkov (Harte, 2010),
segHMM (Helske and Helske, 2016), and in particular depmixS4 (Visser, 2010),
LMest (Bartolucci et al., 2014) and march (the R port of the above mentioned
March software, Berchtold, 2014) for discrete-time hidden Markov models. One of
the main differences between the last three packages is the type of dependent vari-
able used. In depmixS4 the models can be fitted on data with distributions from
the generalized linear model (glm) family, the (logistic) multinomial, or the multi-
variate normal distribution (i.e., continuous and discrete outcomes). The packages
LMest and march are explicitly designed for discrete variables. These three pack-
ages differ also in the way of including covariates. depmixS4 and LMest use a
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parametrization approach. The current version (version 1.0) of march does not sup-
port covariates, but will propose the method of transition probabilities by level of
covariate values as presented in Section 6 in a next release. The empirical examples
we provide in the paper have been computed using the Windows version of march.

8 Conclusion

The article illustrates the basic aspects and the flexibility of Markovian models with
an illustration in life course studies to propose a general discussion on the relevance
and possible applications of this class of models.

Starting from the traditional formulation of an homogeneous first order Markov
chain, we presented the Hidden Markov Model and an intuitive and easy to under-
stand way of including categorical covariates. Instead of using a parametrization of
the transition probabilities, we consider directly the interaction between the states
(observed or hidden) and the modalities assumed by the covariates. One of the main
features that make Markovian models an interesting approach for life course stud-
ies is the specific role of time. The serial dependence between repeated measures
is directly taken into account. In this transitional setting, the current measurement
is described as a function of previous outcomes (Molenberghs and Verbeke, 2005)
so that the distribution of the states depends on the own past of the subject. This
aspect is particularly relevant for time-structured data such as individual life trajec-
tories. For example, we have shown the significant relationship between previous
self-reported health conditions and the current one.

In a life course perspective, modeling individual sequences at two levels, a visible
and a latent one, as in the HMM, proves particularly interesting since many aspects
of a life trajectory are not fully observable. For example, in the empirical example
we have demonstrated that SRH trajectories are related to a latent variable repre-
senting frailty regimes. Moreover, unlike conventional latent variable approaches
such as latent class or mixed effect models, HMM is a time-varying model. In many
applications, the interest is not only to analyze the inter-individual differences in the
response variable, but also the way in which individuals change their responses over
time. In a HMM approach, the unobservable characteristic that drives the observed
behavior has its own dynamics following a Markov process. The HMM then explore
the dynamics in unobserved aspects which are measured by one or more response
variables. The HMM can also be used as a clustering tool. HMM is a generalization
of the mixture model (e.g., McLachlan and Peel, 2000) where each component is
associated to one of the hidden states of the model. In particular, HMM can per-
form a probabilistic clustering in two ways. In its conventional formulation with
a time-varying latent variable individuals can move among latent classes and we
have a clustering of individual state observations. With a time-invariant latent vari-
able (i.e., a HMM with each hidden state being fully absorbing), HMM performs
a static probabilistic clustering of the individuals according to their entire observed
sequences that can be seen as a clustering of the trajectories.
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Although we focused here on the case of a single categorical outcome variable
(the self-rated health condition), hidden Markov models can be applied to multi-
variate data (Bartolucci et al., 2012) and to numeric outcome variables. Bolano and
Berchtold (2016) for example considered a double chain Markov model for numeric
outcomes.

Interesting extensions of the HMM framework we did not discuss in the paper are
the Double Chain Markov Models (see Berchtold, 1999)) that allow to relax the ho-
mogeneity assumption keeping the model parsimonious in terms of free parameters
and the introduction of mixed effects (the so called Mixed Hidden Markov Model,
Altman, 2007; Maruotti, 2011). By including (individual specific) random effects,
the mixed HMM relaxes the assumption of conditional independence of the obser-
vations (Eq 1c). The resulting model is more flexible than a conventional HMM and
it allows to distinguish between two sources of heterogeneity. The random effects
capture the between-subject variations and the hidden states capture the heterogene-
ity in the individual trajectories.

Some aspects limit the diffusion of Markovian models in life course studies and
related fields. For example, in social sciences and medical studies, a key aspect is
to analyze the effect of external factors on the dynamics of the dependent variable.
In the framework of hidden Markov models, although several alternatives to include
covariates have been considered in the literature, an easily usable framework for
estimating the effect of the covariates is still laking. Another limitation concerns the
readability of the results in particular in presence of multiple states and/or multiple
covariates. Comprehensive data visualization tools for representing empirical results
are crucially missing too. However, given the numerous potential applications of
Markovian models, and given the facilities offered by recently released software,
we can expect Markovian modelling to overcome the above mentioned issues and
this way to gain popularity also in life course research.
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Russian Generations: Sequencing the Transition
to Adulthood

Ekaterina S. Mitrofanova
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Abstract This paper demonstrates how Russian men and women from different
generations undertake their first demographic and socio-economic events. For the
first attempt at understanding how these events are ordered, we used the descriptive
techniques of Sequence Analysis, including chronograms, parallel coordinate plots,
the durations of statuses, and the frequencies of subsequences on tables. The study
was performed on a panel of the Russian part of the “Generations and Gender Sur-
vey” (GGS: 2004, 2007, and 2011). The subsample consists of 4,595 respondents
of 1935-1984 years of birth.

Our analysis reveals the changes between sexes and generations. Men devote a sig-
nificant part of their youth to achieving socio-economic events, while women much
earlier and more actively initiate their demographic careers. Nevertheless, by the
age of 35, there are more respondents among men who have children and relation-
ships than among women. Young people, compared to older generations, much
more actively enter into cohabitations and have children in them, but they delay the
onset of all these events, especially childbearing, to later ages.

1 Introduction

The transition to adulthood (or adolescence, or early adulthood) is a stage of life
course when person experience biological, emotional, cognitive, and societal matu-
ration. As sociologists and demographers, we are interested in the last component
of this complicated process.

Transition to adulthood is one of the important status passages in a life course,
when many new roles and statuses come with occurring events in different spheres
of life: leaving the parental house, finishing education, entrance into the job market,
family formation. The sequence and timing of onset of these events are changing
from generation to generation. It is conditioned by the demographic, cultural, eco-
nomic, political transformations of societies (Buchmann 1989; Kaa 1987; Lest-
haeghe 1995; Liefbroer 1999).

The behavior of Russians in socio-economic and demographic spheres has un-
dergone many changes over the past decade (Frejka u Zakharov 2012; Mitrofanova
2013; Mitrofanova u Artamonova 2014; Zakharov 2008). It is visible especially in
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terms of the transformation of life course starting events, as these changes appear
in the biographies of young people most quickly and help to define the difference
between generations before the completion of reproduction, marriage and other “ca-
reers”.

In this paper, the biographies of Russians were studied through sequence analy-
sis. We also promote the author's approach to data visualization using Lexis grids.

2 Database and methods

The study was performed on a panel of the Russian part of the “Generations and
Gender Survey” (GGS: 2004, 2007, 2011). The subsample consists of 4,595 re-

spondents (32% men and 68% women)l. It has been taken across five 10-year gen-
erations of 1935-1984 years of birth. Based on empirical data and existing classifi-
cations, we define the cohorts of 1935-1974 years of birth as “Soviet generations”
(those who socialized in the Soviet Union), and cohorts of 1975-1984 years of birth
as “modern generations”.

The life course of an individual consists of a set of different events, which may
happen sequentially or immediately. It is difficult to explore this multiplicity of

“clocks™ (marriage, reproductive, labor, educational, etc.) by conventional meth-
ods, whereby the events are analyzed either individually or in small groups. The
transition to the study of event chains makes it possible to achieve a new level of
understanding of the structure of individuals' lives. An advanced method known as
Sequence Analysis (SA) helps demographers and sociologists to achieve this aim
(Abbott u Tsay 2000; Aisenbrey u Fasang 2007, 2010; F. C. Billari 2001; F. Billari
u Piccarreta 2005). We used several descriptive techniques of SA: chronograms,
parallel coordinate plots, the durations of statuses, and the frequencies of subse-
guences on tables.

3 Results

We analyzed starting life course events, which we grouped according to three
dimensions (corresponding statuses are in parentheses)3: the presence of children
(no children, first child), marital status (single, first cohabitation, first marriage),

"The gender imbalance is due to the "rash" of the sample and the inability to correct the panel
data by weights.

? “Multiple clocks” is a term of the Life Course concept which includes the notion of a life as
a set of different spheres, each of which has its own timing (Mills 2000).

3 We used the R package TraMineR (Gabadinho et al. 2011).
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socio-economic status (no events, first separation from parents, first job, and com-
pleted education of the highest level). The number of combinations of statuses is
very high, so in order to reduce their amount, we focused only on the first event in
pairs of socio-economic events, and on the last one in the triple events. The list of
determined statuses are specified and their codes are shown in Figure 1. Grey color
indicates censored events which have not yet occurred at the time of the survey. The
censoring is possible because the representatives of the youngest generation are 27-
36 years old, so only two cohorts of ten (from this generation) can have events at
the age of 35.

Demographic events
SOC'O'ECOt”(’m'C no children 1% child
events st T st ita.
single 1% cohabi 1% marriage| ~ single 1% cohabita 1% marriage
tation tion

SCOL
no events or one (separation
event from parents) P1C01 M1C01 SC11 PiC11 M1C11
SCO0J (job)
SCOE

(education)

separation from par-
ents > some event
job > some event P1C0J+ | M1COJ+ SC1J+

education > some M1COE+ SC1E+

P1COL+ | M1COL+ SC1L+ P1CI1L+ M1C1L+
P1C1J+ M1C1+
MI1C1E+

event

2 events concurrently
2 events > separation
from parents

2 events > job

2 events > education SCO++E  P1CO++E | M1CO++E | SCi1++E P1Cl++E MIC1++E
3 events concurrently SC03 P1CO03 M1C03 SC13 P1C13 M1C13
censoring

Fig. 1: Groups of statuses.

Using the information on the data occurrences, we reconstructed the segments of
the respondents’ biographies. We created statuses for each month from age 15 to
age 35 for each respondent. We chose the age of 15 as the margin of childhood and
capped the observation period at the age of 35 to equalize the chances of different
generations in terms of the events occurring, and to exclude marginal cases (since
the first events most likely occur in the first half of life).

We obtained the frequency distribution of occurrences of different statuses at any
given time for each generation; this distribution became the framework for building
chronograms representing these frequencies for men (Fig. 2) and for women (Fig.
3). Presented chronograms were placed on Lexis grids, thus allowing for compari-
son across the three time dimensions: the X-axis — the calendar date, the Y-axis —
age, and the diagonal — generation. The X-axis represents the proportion of delayed



266 MITROFANOVA, E. S.

status at each particular time inside the corridors of each generation; the Y-axis
depicts ages from 15 to 35 years.

35

30

25

20

15

1935-1944 1945-1954 1955-1964 1965-1974 1975-1984
Fig. 2: Chronograms for men of 1935-1984 years of birth.

35

30

25

20

15

1935-1944 1945-1954 1955-1964 1965-1974 1975-1984

Fig. 3: Chronograms for women of 1935-1984 years of birth.

We can make the following observations according to the data depicted on the
chronograms. The form of the start of biographies (the “neck”, from which the col-
ors appear) indicates that, at the age of 15, the older generations had a much larger
number of events than the younger generations; for older generations, such events
were mainly socio-economic, while young generations face more demographic
ones. Almost 90% of men of the older generations experience exclusively socio-
economic events (blue palette) by the age of 20. By about the same age, men of
other generations begin to acquire demographic events, but only 70-80% of them
have socio-economic ones. Women begin demographic careers two years earlier
and have approximately 35-65% of socio-economic events by this age.

At the age of 35, 70-95% of men born in 1935-1974 are married and have at least
one child (purple palette), while among women from similar generations there are
less than 80% with such statuses, and 8% are in cohabitation with a child (pink
palette). There are 10-20% of women who have a child and are not married or co-
habiting (yellow colors). In contrast, a man with a child is almost always a man in
a relationship. Among the men and women of the younger generations, there are
only 10% of those who are married and have a child, but these representatives have
had very few other events, because only a small portion of the respondents have
reached the age of 35. For both sexes, when we move to younger generations, there
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is tendency towards reduction in the share of those who are married and an increase
in the share of those who are in cohabitation.

All generations include respondents who do not have any demographic event by
the age of 35, but their share does not exceed 5%. The most popular final socio-
demographic event men achieve at the age of 35 is the first separation from their
parents; a bit less popular is education. The first job started to compete with educa-
tion only for the generation of 1965-1974 years of birth. For Soviet women, there
is an identical structure to the final socio-economic events, but, starting from the
generation of 1955-1964 years of birth, the shares of each event will turn out to be
equal. To clarify these statements, we placed the chronograms of the individual bi-
ographies of respondents, sorted “from the end”, in Appendix 1.

There are the mean durations of states in Table 1. We included in this table only
the events which lasted three or more months. The demographic events are indicated
by bold print.

Table 1. Mean durations of states for both sexes, men, women.

Both sexes Men Women
# Status Duration, Status Duration, Status Duration,
months months months
1 SC00 34.0 SC00 36.2 M1C1++L 33.6
2 M1C1++L 33.7 M1C1++L 34.1 SC00 33.0
3 M1C1++J 235 MI1C1++E 195 M1C1++J 26.0
4 M1Cl++E 20.5 M1C1++J 18.1 MI1C1++E 21.0
5 SC0J 10.0 SC0J 12.1 M1C1J+ 9.5
6 M1C1J+ 9.3 SCO0J+ 11.7 SC0J 9.0
7 SCOL 8.8 SCOE+ 10.4 SCOL 8.5
8 SC0J+ 8.6 SCOL 9.5 SC0J+ 7.1
9 SCOE+ 8.1 M1C1J+ 9.0 SCOE+ 7.0
10 M1C13 5.9 SCO++J 6.7 M1C13 6.8
11 M1C1L+ 5.8 SCO++L 6.1 M1C1L+ 6.2
12 SCO++J 5.6 SCOE 55 SCO++J 5.0
13 M1C1E+ 4.4 SCOL+ 49 M1C1E+ 4.8
14 M1CO++L 4.1 MI1C1L+ 4.8 SC1++L 4.7
15 SCOL+ 4.0 M1CO++L 4.4 M1CO++L 4.0
16 SCO++L 3.9 SCO++E 4.0 SCOL+ 3.5
17  SCOE 3.8 M1C13 3.9 SC1++E 3.5
18 SC1++L 3.7 MI1C1E+ 3.7 M1C11 35
19 SCO++E 35 M1CO++J 34 SCO++E 3.3
20 M1C11 3.3 SC02 3.2 SC1++] 3.2
21 M1CO++J 3.0 SCOE 3.0

The mean duration of an average event for both sexes is 5.7 months: for men it
is 7.6 months, and for women it is 4.8 months. The ranking shows that the longest
state for men (more than 3 years) is an absence of events of all types. The second
one (less than 3 years) is first marriage, first child and all the three events, the third
of which is leaving the parental home. For women, we have the opposite situation,
but the difference between the duration of the events is less than a month.
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The next two events are also the same for men and women, but they appear in
opposite succession. Men have all the events, with the last one — education — for
more than a year and a half and the last one — the first job — for a period of a month
shorter. Women are staying longer in the same statuses, but the longest one ends
with the first job (more than 2 years), the next one — with education (less than 2
years). Other statuses are incomplete (respondents do not have the events of all the
types) and the duration of events is less than a year. Nevertheless, we revealed that
women stay in demographic statuses longer than men.

In Figure 4, there are so called “parallel coordinates” which indicate the transi-
tions of respondents from one status to another. The X-axis represents the number
of transitions, the Y-axis depicts each possible status from SCO00 (no events) to
M1C13 (1% marriage, 1% child, all socio-economic events). The horizontal lines are
dividing different groups of statuses from each other.

Men | Women
1935-1944 years of birth (190 men; 600 women)
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Fig. 4: “Parallel coordinates” for men and women of each generation.

Due to the imbalance between the number of men and women, there is much
more information for women than for men, though this does not affect the results:
the typical transitions are seen in both cases. The first transition (from status one to
status two) is often from the position with no statuses to some socio-economic po-
sitions. Sometimes we can see individuals gaining a marriage or a partnership. The
trend of all the graphs is a sharp rise, so people are achieving demographic statuses
relatively rapidly. The “speed” is slowing in modern generations, especially among
men: they are entering their marriage “careers” only after third step.

The most frequent subsequences are listed in Table 2. We have information for
both sexes, men and women. We excluded the subsequences with a support (the
amount of people of a group, who have the subsequent) of less than 10%.

Table 2. Frequencies of appearances of subsequences for both sexes, men and women.

4 Both sexes Men Women
Subsequence Support Count Subsequence Support Count Subsequence Support Count
1 (SC00) 91% 4438 (SCO00) 93% 1441 (SCO00) 90% 2997

2 (SC00>SCO))  27% 1306 (SCO0>SCOJ)  20% 453 (SCO0>SCOJ)  26% 853
3 (SCO0>SCOL)  25% 1208 (SCOOSSCOE)  27% 415 (SCO0SSCOL)  25% 828
4 (SCO0SSCOE)  23% 1120 (SCO0SSCOL)  25% 380 (SCOOSSCOE)  21% 705
5 (SCOE>SCOE+) 20% 956 gggg);scoa) 23% 357 (SCOL>SCOL+) 19% 632
6 (SCOL>SCOLY) 19% 946 (SCOJ>SCOJ) 23% 354 (SCOESSCOEF) 18% 590
7 (SCOJ>SC0J+) 19% 929 (SCOL>SCOL+) 20% 314 (SCOJ>SCOJ) 17% 575
5 (SC00)- (SC00)- (SC00)-

0, 0, 0,
(SCOE>SCOE+) 8% 886 ooniscony) 20% 313 (goolsscoLsy M 548
(SC00)- (M1CO++L> (M1CO++L>
9 (scoL>scoL+) 7% 85 nciaey % 295 Nycgyyy 16% 0 532
(M1CO++L> . (SC00)- : (SC00)- .
O ciesy Y% 827 gegisscors) 9% 287 (gooesscops) 167 529
SC00)-
(SC00)- . ( . (SC00)- .
1 Qoonecoy L% 82 '(\l/\l/llléilc-)‘-+++l_|_)> 1% 269 (GCoscony 15% 513
(SC00)- (SC00)- (SC00)-
12 (MICO++L>  15% 726 (M1CO++J>  10% 152 (MICO++L  14% 457
MICL++L) MIC1++J) >SM1C1++L)
(SC00)- (SC00)-
13 (M1CO++J>  11% 511 (MICO++J>  11% 359
M1C1++J) M1C1++J)
(SCOL>SCOLH)
14 &"llccl%{f 10% 464 -(SCOL+> 0% 323
) SCO++))
(M1C01> :
15 e 10% 318

The table shows that women have more events with a support of more than 10%,
but the percentage of people in socio-economic statuses is more common among
men than women. The majority of respondents (90%) have the subsequence when
there are no events. This means that 10% of people have some events at the age of
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15. The next popular subsequences (more than 20% each) are transitions from no-
events status to the first job, education and leaving parents. 19% of men and 16%
of women have a subsequence, which includes demographic events: it is a transition
from “the first marriage without children, but with all the socio-economic events
(last is leaving parents)” to “the first marriage with the first child, and with all the
socio-economic events (last is leaving parents)”.

4 Conclusion

This paper illuminates how men and women from different generations gaining
their first demographic and socio-economic events. We represented the individual
biographies on chronograms, the status transitions on parallel coordinate plots and
the durations of statuses and the frequencies of subsequences on tables.

Our analysis reveals the changes between sexes and generations. Men devote a
significant part of their youth to achieving socio-economic events, while women
much earlier and more actively initiate their demographic careers. Nevertheless, by
the age of 35, there are more respondents among men who have children and rela-
tionships than men who do not face such events. Young people, compared to older
generations, much more actively enter into cohabitations and have children in them,
but they delay the onset of all these events, especially childbearing, to later ages.
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Appendix

Appendix 1. Individual biographies of the respondents sorted “from the end”.

The biographies of all the respondents, who were sorted “from the end” (i.e. from
the last event in the segment of the biography), are displayed below. We chose this
medium of presentation to fix the sets of the first events, which people of different
sexes and generations experienced at the age of 35. In addition, we can trace the

individual tracks to the final events.

Men

Women

1935-1944 years of birth

B ——

153 163 172 182

1516 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 3435
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Abstract

How does the intergenerational transmission of disadvantage come about? This study aims to
broaden our understanding by examining the extent to which income trajectories in later
stages of young adulthood are influenced by the work- and family-related pathways young
people take into adulthood. The transition to adulthood is a demographically dense period, in
which individuals make important decisions regarding their future career and family life,
which in turn are likely to have a large impact on their future earnings. This study assesses to

what extent the influence of family background, in terms of parental income, education,
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family structure and race, is mediated by the career and demographic pathways that youths
choose during the transition to adulthood. It is examined to what extent incomes diverge
between those opting for different pathways to adulthood and whether within groups
choosing for the same pathway to adulthood, family background remains to have an influence
on these income trajectories. This study uses panel data from the National Longitudinal
Survey of Youths of 1997 (N=4966). Sequence analysis is used to define different career
(based on education and employment) and demographic pathways (based on household,
relationship and parenthood status) between age 17 and 25, separately for men and women.
The family background variables and the different clusters are included as categorical
variables in a growth curve model, with annual income between age 25 and 32 as the
dependent variable. Results indicate that the effects of family background variables mostly
disappear once the career and demographic clusters are included. Career pathways appear to
be more important in explaining differences in income trajectories in early adulthood than
demographic pathways. Incomes diverge for individuals who are in career clusters with
longer college enrollment compared to those who are in clusters that have little college

education.

Introduction

Is America still the land of opportunity? There is an ongoing debate in society and social
sciences on whether children of all social backgrounds have the opportunity to have a decent
life . An important indicator of whether someone is successful in life is income. Do the
opportunities for youths of disadvantaged background to escape from poverty increase or
decrease? Research on intergenerational income mobility does not find that the United States

has become a more open society in the last decades. Aaronson & Mazumder (2008) even find
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a decline in income mobility, although others do not find a clear trend (Hauser, 2010; Hertz,
2007; Lee & Solon, 2009). Chetty et al. (2014) claim that while rank-based mobility has
remained stable, the differences between the ranks have increased, from which they infer that
the social class that children are raised in has become more important. Whether
intergenerational mobility has increased or not, in comparison to other countries the United
States shows a strong intergenerational gradient (Corak, Lindquist, & Mazumder, 2014;
Ermisch et al, 2012).

While classic sociological research on intergenerational transmission of socio-
economic status has mainly focused on the role of parental investment in education (Becker
& Tomes, 1979; Blau & Duncan, 1967; Breen & Goldthorpe, 1997), more recently, increased
attention is paid to the influence of family structure on intergenerational mobility (Amato,
Booth, McHale, & Van Hook, 2015; Putnam, 2015). McLanahan (2004) claims that destinies
of children with high and low educated mothers are diverging. She shows how children with
low maternal education have increasingly fewer resources at their disposal as they are more
likely to be raised by their mother alone, therefore missing out on resources that are provided
by the father. Those who are raised by single low educated mothers do not only receive less
financial investment (Kornrich & Furstenberg, 2013), but also less childcare (Kalil, Ryan, &
Corey, 2012). Part of the intergenerational transmission of disadvantage may also be the
result of the children of these fragile families making the same choices regarding family
formation.

This study contributes to the literature on intergenerational transmission of income by
examining how differences in the pathways into adulthood can explain divergence in income
inequality between contemporary youths from advantaged and disadvantaged backgrounds, in
terms of both socio-economic status and family structure. Although there have been studies

that have aimed to identify different work-life pathways to adulthood (Garrett & Eccles,
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2009; P. Martin, Schoon, & Ross, 2008; Oesterle, David Hawkins, Hill, & Bailey, 2010;
Osgood, Ruth, Eccles, Jacobs, & Barber, 2005; Salmela-Aro, Kiuru, Nurmi, & Eerola, 2011),
no previous research has yet linked these transitions to (early) adult life outcomes. Naturally,
schooling and employment decisions in young adulthood can have important implications for
one’s earnings later in adulthood. However, demographic decisions regarding the timing and
ordering of events, such as leaving the parental home, relationship formation (marriage or
cohabitation) and parenthood as suggested by the diverging destinies literature may also have
an impact on one’s future income. By examining these pathways simultaneously we can have
a better understanding to what extent intergenerational inequality is reproduced by career and
demographic pathways in young adulthood.

In this study the following research questions are addressed: 1) To what extent are
young adults’ social backgrounds related to their income trajectories during the later stages of
young adulthood? 2) To what extent is this relationship mediated by their career and
demographic pathways during the early stages of young adulthood? The transition to
adulthood may be the life-phase in which youths of advantaged background realize an
advantaged position for themselves. On the other hand, youths from disadvantaged
background could benefit from following a career and demographic pathway that is
associated with better income trajectories. This study examines income trajectories in young
adulthood in order to assess whether the destinies of young adults are diverging. Furthermore,
it is investigated whether there is a cumulative advantage for those who come from an
advantaged family background and follow the “right” pathways during their transition to
adulthood.

The transition to adulthood is an important life phase, in which youths make major
decisions regarding career and family that shape their adult life-course (Arnett, 1998;

Rindfuss, 1991). The transition to adulthood is a process that has become more complex as
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over the last decades pathways have become more diverse, less standardized and prolonged
(Shanahan, 2000). In examining the transition to adulthood of contemporary youths, it is
therefore important to take into account the wide variety in which children of today become
adults. This study provides a holistic approach to the transition to adulthood. Rather than
examining the effects of single career or demographic events, sequences of events are
studied. By examining sequences one can assess not only the effect of certain events, but also
the effect of timing and ordering of these events (Billari, 2001). Finally, a contribution of this
study is that career and demographic pathways are investigated separately for men and
women.

This study uses panel data of the National Longitudinal Survey of Youth from 1997
(NLSY97), to examine to what extent current youths are diverging in income. In order to map
out different pathways to adulthood we use sequence analysis. Clusters of career and
demographic pathways from age 17 to 25 are created separately using Optimal Matching
Analysis (OMA) (Abbott, 1983). After defining a distinct set of clusters, we will examine to
what extent people belonging to certain clusters will have higher incomes compared to those
of other clusters and to what extent there is divergence in incomes examining the yearly

incomes from age 25 to 32.

Theory

Family background

An extensive body of research has demonstrated that higher socio-economic status of the
parents is related to better economic outcomes of their children. More wealthy and better
educated parents are more likely to spend more resources on the development of their
children, particularly in their education (Becker & Tomes, 1979; Breen & Goldthorpe, 1997;

Putnam, 2015). Theory on explaining the intergenerational transmission of social class
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mostly focusses on differences in resource availability and socialization between children
from advantaged and disadvantaged backgrounds. High status parents already invest in
children’s education early on as they are more likely to send their children to pre-school and
childcare and are more likely to send their kids to private schools (Kornrich & Furstenberg,
2013; Putnam, 2015; Temple & Reynolds, 2007). Since housing prices are higher in
neighborhoods with better schools (Black, 1999; Haurin & Brasington, 1996), wealthy
parents are more able to move to neighborhoods with better schools. Not only do they spend
more money on their children, higher educated parents also spend more time with their
children in their first years compared to lower educated mothers (Altintas, 2015; Kalil et al.,
2012). However, it is not only about higher educated parents spending more time with their
children, but also how they spend their time with their children. According to Bourdieu
children of high status parents are socialized in a way that they adopt certain attitudes,
preferences and behaviors, which constitute cultural capital, which helps them with their
educational and occupational careers (Bourdieu & Passeron, 1990). In an ethnographic study
Lareau describes how upper-middle class parents adopt a strategy of “concerted cultivation”
in raising their children, whereas parents from lower class families are more likely to adopt a
“accomplishment of natural growth” strategy (Lareau, 2011). Parents using concerted
cultivation make sure that their children spend more time in structured activities such as
sports, music classes, art, clubs etc., have extensive conversations with their children
speaking in rich vocabulary and long sentences, and learn their children how to negotiate
institutions, for instance with school. On the other hand, parents using “accomplishment of
natural growth”, provide less structure for their children (they hang out with them or their
other kin), have little discussion and rarely allow questioning, and show a sense of
powerlessness when it comes to negotiating with institutions. There is indeed evidence that

concerted cultivation mediates the effect of family background on educational achievement
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(Bodovski & Farkas, 2008; J. E. Cheadle & Amato, 2011; Cheadle, 2009; Martin, 2012). In
determining to what extent parental resources or parental socialization, it is important to the
distinguish different dimensions of parental SES, by examining both the effect of parental
income and education (Amato et al., 2015).

Family structure is another important aspect of family background that has been
linked to the future income prospects of children. Being raised by a single parent or having
experienced a parental divorce have been associated with lower income in later life
(McLanahan, 2004; McLanahan, 2009). Children raised in non-intact households are more
likely to have fewer resources at their disposal than children raised in intact households (in
which children raised in marriage rather than cohabitation are found to have most resources).
In these broken families children are less likely to receive as much resources from both their
parents as children from intact families. Not only do these children have less financial
resources, but also resources such as parental care and social capital (Putnam, 2015) are often
lacking. Lack of parental care has been associated with poorer cognitive development and
behavioral problems (Ermisch et al., 2012), which may decrease the likelihood for them to
attain higher education (or not be able to attain higher secondary education before that) and a
high earning job. Parental divorce may not only have an impact through a reduction of
resources during childhood. Experiencing a parental divorce is often considered as an adverse
life-event, which may not only have short-term, but also more long-term consequences
(Putnam, 2015). Parental conflict may cause stress for children and adolescents or make
children dissociate with their parents, most often with the father, which can result in long-
term behavioral problems (Amato & Gilbreth, 1999). Parental divorce may therefore be an
important risk factor for low socio-economic attainment (Amato, 2000).

The diverging destinies literature shows that parental divorce is increasingly

concentrated among parents with low SES (McLanahan & Jacobsen, 2015; Mclanahan, 2004;
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McLanahan, 2009). Therefore it is often a combination of parental divorce and poverty that
strikes children of disadvantaged background making it more likely to start the transition to
adulthood with a disadvantage, for instance because they dropped out of high school. In the
next section we will discuss the transition to adulthood and its relation with family

background.

Transition to adulthood

The transition to adulthood has been described as a demographically dense period (Rindfuss,
1991). During this life stage individuals usually experience multiple transitions. It is a stage
in which careers are started, either by immediately entering the labor market or by enrolling
in higher education. Furthermore, it is a stage in which individuals leave the parental home
either to live on their own or to enter a union. A traditional final marker of reaching
adulthood has been the entry of parenthood. However, that is not to say that this transition
always occurs last. The order and timing of each of these events can have important
implications for the future life-course.

Although the transition to adulthood is a stage in which they learn to be independent
of their parents, social origin is still an important predictor of the timing, occurrence and
sequencing of these transitions. As mentioned earlier, children from advantaged backgrounds
are likely to spend more time in education, i.e. they are more likely to finish high school and
enter college. On the other hand, children from disadvantaged backgrounds are more likely to
enter the labor market after high school, whether they drop out or complete high school. Even
with a high school diploma, youths of disadvantaged background may forego on going to
college as they and their parents are more likely to view entering college as a risk, because if
no degree is obtained then costs are more likely to be covered by the youth itself, whereas

youths of advantaged background may be more inclined to go to college knowing that their
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parents usually prefer them to go to college and will financially support them even if the drop
out (Breen & Goldthorpe, 1997). Furthermore, those with high status parents are more likely
to return to school, whether this is high school (Raymond, 2008) or college (Baum, Ma, &
Payea, 2013). Moreover, children from advantaged backgrounds are more likely to choose for
4-year instead of 2-year college programs (Baum et al., 2013).

However, there are many young adults who combine education and employment
(Kalenkoski & Pabilonia, 2010). It may especially for those from disadvantaged backgrounds
be necessary to have a job to cover the costs of college education (Bozick, 2007). Overall,
research indicates that working at a high intensity decreases college achievement and
increases the likelihood of drop-out (Bozick, 2007; Kalenkoski & Pabilonia, 2010; Staff &
Mortimer, 2007; Triventi, 2014). There are two explanations for this relationship. First, from
a time-use perspective, individuals that spend much time on employment have less hours
available for studying. Second, there may be selection, as those who perform poorly at
college and receive more satisfaction from employment are likely to work more (Bozick,
2007). However, there are some studies that indicate that working up to 20 hours can enhance
academic performance (Bozick, 2007; Triventi, 2014). Thus, children with little parental
resources may complete their education if they are able to find a good balance between
education and work, but they are still disadvantaged compared to those with many parental
resources who will require less work hours to make ends meet.

Disadvantaged youths who enter the labor market without a college degree and even
more so those without a high school diploma also have a higher risk of being unemployed
during young adulthood (Taylor et al., 2011). Long spells of unemployment during young
adulthood may lower one’s socio-economic status not only in the short, but also in the long
term. Mroz and Savage (2006) find that unemployment continues to negatively affects

earnings up to ten years later. Thus, the choice to forego college does not only increase the
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risk of unemployment, but also decreases future earnings compared to those with a college
degree. Indeed, income studies have demonstrated that those with higher educational
attainment have on average higher earnings and that the gaps between those with and without
a college degree are expanding (Taylor et al., 2011).

Whether someone becomes a parent early in the adult life course has a great impact on
adult life outcomes, including income, not only for women but also for men (Dariotis, Pleck,
Astone, & Sonenstein, 2011). Raising a child requires resources, and children from
disadvantaged backgrounds will not be able to rely on parental financial resources, but rather
have to provide these resources on their own. This means that they will have to enter the
labor market and forego higher education in order to provide for the child(ren). Those from
disadvantaged background are more likely to have children early in life. They may view it as
a legitimate way to enter adulthood as they have low career aspirations for themselves (Smith
& Roberts, 2011). Early childbearing is more likely to be less deviant behavior among those
of disadvantaged backgrounds as the mothers are likely to have experienced teenage
childbearing themselves (Jennifer S. Barber, 2001). Parenthood at a young age is often
unplanned. Higher educated parents may be more able to inform their children about the risk
of unprotected sex (Miller, 2002).

Another important event in the life of young adults, which most experience, is leaving
the parental home. Parental background also plays a crucial role in this decision. Young
adults can have different reasons to leave the parental home. Traditionally, young adults left
the parental home in order to marry. Nowadays, there are multiple ways to leave the parental
home. Young adults may have to leave the parental home, because of the large geographical
distance between the parental home and the college they wish to attend (Mulder & Clark,
2002). More affluent parents are more likely to provide the necessary means in order for their

children to live on campus. Bozick (2007) finds that students from low-income families are

10
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more likely to stay in the parental home. In general, wealthy parents are more able to help
their children to set up their own household, whether this is to live independently or to enter a
union (Avery, Goldscheider, & Speare, 1992; Sassler, 2004; Spitze & Waite, 1981). On the
other hand, children with high status parents may be less willing to leave as their parental
home is likely to provide them many resources that they would not have if they were to live
on their own or with a partner (Avery et al., 1992; Easterlin, 1980; Goldscheider &
Goldscheider, 1998)

Parental background also influences the timing and choice of union formation.
Children from advantaged backgrounds are found to postpone their union formation
compared to those from disadvantaged backgrounds (e.g. Axinn & Thornton, 1992; South,
2001; Wiik, 2009). An important reason is that, as mentioned above, children with high status
parents are more likely to be enrolled in education. Research has indicated that the
educational system works as a moratorium in which union formation is postponed (e.g.
Blossfeld & Huinink, 1991; Liefbroer & Corijn, 1999; Raymore, Barber, & Eccles, 2001;
Thornton, Axinn, & Teachman, 1995). Another reason why young adults with high status
parents are more likely postpone relationship formation and parenthood is because they want
a spouse of similar social status as their parents (Oppenheimer, 1988; Wiik, 2009). Since
acquiring a high status job usually requires extensive education, children of advantaged
backgrounds may postpone marriage until after the potential spouse has reached his/her full
potential. Thus, children from advantaged backgrounds may be more risk averse in settling
for a partner than children of disadvantaged background, therefore postponing their union
formation. On the other hand, children from disadvantaged background are more likely to
enter their unions early, because the home environment does not provide any comfort
(Easterlin, 1980; Gierveld, Liefbroer, & Beekink, 1991). Furthermore, they may be more risk

taking in their partner choice and leading to higher probabilities that they will divorce.
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Indeed, Berrington & Diamond (1999) find that those who enter a union early are more likely
to divorce. In turn, experiencing a divorce has been associated with higher unemployment
(Covizzi, 2008).

Regarding union formation it is not only the question when young adults enter it, but
also whether they opt for married or unmarried cohabitation. Marriage has been associated
with better adult life-outcomes including income (Ahituv & Lerman, 2007; Waite &
Gallagher, 2002). Children with high SES parents are more likely to marry than those with
low SES parents (Bumpass & Lu, 2000; Kennedy & Bumpass, 2008; Lichter, Qian, &
Mellott, 2006; Manning & Cohen, 2015; Seltzer, 2004). However, the negative effects of
cohabitation may be especially visible among those who have children. Young adults with
high status parents may not marry, but rather cohabit if they are not sure about the partner and
only have children in marriage. Cohen and Manning (2010) find that young adults with
highly educated mothers are more likely to serial cohabit. This may mean that cohabitation
for advantaged youths may serve as a weeding process (Klijzing, 1992), in which one leaves
the partners that are not fulfilling their potential and marries the one that does. On the other
hand, disadvantaged youths may have less resources to cover the costs of marriage or married
life and therefore remain in a cohabiting relationship (Clarkberg, 1999). Cohabitation than
serves as a poor man’s marriage (Hiekel, Liefbroer, & Poortman, 2014).

The domains of career and family are linked. Those who enter a union and/or
parenthood early are less likely to enter education and vice versa (Blossfeld & Huinink, 1991;
Raymore et al., 2001). Some may have to leave the parental home in order to attend
education, which has also been found to enhance study performance. (Bozick 2007). In
general, it could be argued that for one’s career it better to postpone major demographic
events. However, there is some indication that those attending education usually not the ones

that remain in the parental home until there mid-twenties (Amato et al., 2015). Married

12
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individuals (with children) may take up more work, because they feel more responsible for
their family situation, which may influence their current earning, but possible also future
earnings (Ahituv & Lerman, 2007; Amato et al.,, 2015). Thus experiencing some

demographic transitions may also enhance career performance.

Income trajectories

During the later stages of early adulthood, young adults have usually finished their education
and are on the labor market. The education and work experience that young adults have
obtained during the transition to adulthood is not only crucial for their income in young
adulthood, but also for their potential future income. It may therefore be that for those who
followed a career pathway with education and (some) employment may increasingly diverge
in their income from those who have little education and work experience. A process that can
be described as cumulative advantage or “Matthew effect” (Merton, 1968). Indeed research
has indicates that between educational level groups there is cumulative advantage in wages
(DiPrete & Eirich, 2006; Elman & O’Rand, 2004). Furthermore, those who start with a higher
income may also be more likely to have a higher income rise during their career (Cheng,
2015).

If disadvantaged youths are able to follow a ‘successful’ pathway during the transition
to adulthood differences with their peers with an advantaged background are expected to
diminish. However, young adults of high status background may still hold an advantage over
those from low status background in terms of income accumulation even when they follow
the same career and demographic pathways. High status parents facilitate their children with
the transition from school to work by providing their children information and contacts that
may help them to obtain jobs (Ermisch et al., 2012). On the other hand, youths of

disadvantaged background with a college degree, lacking this parental social capital, may
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have more difficulty to find a job that matches their educational credentials. Thus, there may
still be divergence on the bases of parental background even within groups who choose a
similar path to the transition to adulthood.

Earning a higher income may also prevent relational instability. Ahituv and Lerman
(2007)indicate that marriage and high earnings may reinforce one another. On the other hand,
disadvantaged youths who experienced a parental divorce may be less able to have steady

relationships, especially if they also do not have a stable job (Oppenheimer, 2003).

Gender and race considerations

Thus far we have not distinguished between gender and race. However, there is ample
evidence that suggests that pathways may be different or that the distribution of different kind
along these dimensions (Oesterle et al., 2010). Women have overtaken men in both college
enrollment and graduation (Buchmann & DiPrete, 2006; Dwyer, Hodson, & McCloud, 2012).
Regarding demographic transitions, women enter unions and parenthood earlier (Uecker &
Stokes, 2008; Winkler-Dworak & Toulemon, 2007). Furthermore, when they enter
parenthood women are often expected to be the main responsible caregiver (Barber, 2000;
Wiik, 2009)). This may mean that for women childbearing increases the difficulty to work on
a career, whereas men may retract themselves from parental responsibilities . However, there
also research that indicates that parenthood for men may have long-term consequences in
terms of lower earnings(Dariotis et al., 2011).

Regarding racial differences being black has been associated with disadvantage.
Compared to whites they are likely to face more difficulty in obtaining a job, because of
discrimination and cultural differences may provide them with less cultural capital, which
may make it more difficult for them to enter college and obtain a high status occupation

(Black & Sufi, 2002; Hardaway & McLoyd, 2009). Blacks are also found to marry less and
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more often have children outside of wed-lock compared to other racial groups (Loomis &
Landale, 1994; Manning & Smock, 1995; Schoen & Cheng, 2006) and as mentioned above
marriage is associated with many positive outcomes.

In the analyses we will therefore will construct different clusters for men and women

and control for racial differences.

Data & Methods

Data

This study uses the National Longitudinal Survey of Youth from 1997 (NLSY97), a panel
study conducted by the U.S. Bureau of Labor Statistics. Respondents were selected in 1997 at
the ages 12 to 17 (born in 1980 to 1984), using a multi-stage stratified random sampling
design and have been interviewed annually until 2011 and a last wave was conducted in
2013. The NLSY97 contains an oversample of respondents of Afro-American and Latino
decent. However, when weighted the NLSY97 provides a nationally representative sample of
youths. The total sample consists of 8984 respondents. However, we only select respondents
who have participated in all waves and who have at least some information on personal
income, between the ages 25 to 32, leading to a selection of N=4966 cases of which 2301 are
male and 2665 are female. There are a number of reasons why the NLSY97 is a good dataset
to answer our research questions. First, it contains a high level of detail when it comes to
demographic and career characteristics at all waves. Second, income is measured at all waves
making it possible to assess income over the early adult life-course. Third, the NLSY97
contains information on those who have recently become adults, therefore answering the

question how contemporary youths may diverge in their income trajectories.
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Sequencing
In the NLSY97 youths record at which year and month a specific event related to the
transition to adulthood occurred. In terms of education, youths were asked in each round to
report whether they had entered or exited an educational institution the year before.
Respondents were also asked to report the level of education they enrolled in, i.e. secondary
school, 2-year college, 4-year college. Regarding employment, youths were asked to provide
the start and end dates of each job they had the last year. There is also information on the type
of job (also reporting if youth joined the military) and the number work hours it provided®.
With respect to demographic characteristics, respondents were asked whether they had started
or ended a marriage or cohabiting relationship in the previous year. Youths also had to report
the birth year and month of each of their children. Each wave youths indicated the household
composition, in which they reported the people that were living in their household.
Furthermore, respondents were asked the month and year in which they first left and returned
to the parental home (if they did)2

The information available in the data is used to construct a sequence dataset for both
career and demographic pathways. In order to create such a dataset one has to define the
different states that individuals can be in each month. For the career sequence states can
differ in two dimensions: education and employment. In terms of education, youths can be
enrolled in high school, college or not be enrolled. To limit the number of states we opted not
to distinguish between attending a 2-year and 4-year college. However, the sequence does
capture how long an individual is enrolled in college. Regarding employment, individuals
either have employment over 20 hours per week, employment less than 20 hours per week or

no employment (which includes people who are unemployed, but also for instance stay at

! The NLSY97 reports weekly job status. We recoded this to monthly statuses using the by NLS recommended
conversion. If someone is employed for at least one week during that period, this person is considered
employed.

> These questions were included in 2003 onwards, but in the 2003 question respondents also indicated the
month and year of home return if they occurred in any of the years before.
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home mothers). The cut-off of 20 hours is chosen as working 20 hours or more has been
defined as moderate to high levels of work intensity for those enrolled in college (Roksa &
Velez, 2012). This leads to a number of 9 (3 x 3) possible different career states, which
individuals can be in.

The demographic pathways are also defined along two dimensions: residential status
and parenthood. The first dimension captures with whom one lives in a household, in which
we define four options: living with parents, living alone/independent, living with partner
(cohabiting), living with spouse (marriage). The second dimension is parenthood, indicating
whether someone has become a parent at some point or not. Entering parenthood is
considered irreversible, as once one becomes a parent they stay a parent for the rest of the
sequence. This leads to a total of 8 (4 x 2) possible demographic states.

Each sequence contains 96 spells as youths pathways are recorded monthly between
the age of 17 and 25. This particular age range is chosen for a couple of reasons. First, it
covers the range proposed by Arnett (2000) in describing a life-phase called emerging
adulthood. The sequence starts from age 17 as in this year most people are still in high school
and the transition to college (for those who go to college) still has to take place. Second,
Schulenberg and Schoon (2012) state that differences in pathways become most visible
during ones mid-twenties. In order to establish how different sequences are from one another
(referred to as distance) Optimal Matching (OMA) is used (Abbott 1983). This method
establishes how many indels, i.e. substitutions, deletions or insertions, are required to
transform one sequence into another. The more operations are required, the more distant
sequences are from another. However, some transitions may be occurring more often than
others. For instance, people who recorded that they live with their parents may be less likely
to become parents in the next month compared those who reported being married (also

known as data-driven approach). Therefore, we assign costs of indels to be based on the
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transition rates between different states. Thus, some operations are costly than others,
meaning that the increase in distance as a result of an indel is higher if the operation has to
change a state for which the transition rate with the other state is low (difficult sentence).

In order to create cluster we use the TraMineR package in R. Based on the distance
defined by the OMA procedure different clusters can be defined. A weighted (using NLSY97
weights) hierarchical clustering procedure using the Ward method is chosen to produce
clusters. This procedure is executed separately for men and women as pathways for both
groups are likely to be different. For instance, women on average enter relationships earlier
than men (Winkler-Dworak & Toulemon, 2007). For both men and women a number of
clusters has to be chosen for both career and demographic pathways. A higher number of
clusters can provide more detail in how individuals vary in their sequences, but also increases
complexity and lower group sizes. One therefore has to establish whether each extra cluster
one introduces represents a specific group of people or whether this group can really be

categorized as part of another group.

Family background variables

The first round also contains a parent questionnaire from which family background
characteristics, such as parental income, education and family structure are derived. Parental
education is coded as the highest education of mother or father in three categories: more than
high school, high school or lower and missing if the education for both the father and mother
was missing. Parental income is the income reported by one of the parents when the youth
was 12 to 16 years old and is coded in quartiles, including also a missing category. The
family structure has four categories: 1) Both biological parents — 2) 1 biological, 1 stepparent
—3) 1 biological parent — 4) other (no biological parents). Finally, race is coded as: 1) white

(non-Hispanic), 2) black (non-Hispanic), 3) Hispanic, other(mixed).
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[Include descriptives table]

Growth-curve modeling

In order to estimate the effects of family background and the transition to adulthood on
income trajectories growth curve models are used. Each wave respondents are asked to report
all income they received from salaries, wages and commissions in the previous year. Income
trajectories are mapped out for the ages 25 until 32 (using log income). Not all individuals
have reached the age of 32. Thus, higher ages of a lower number of observations. In
determining the income trajectory we allow both the intercept and the slope to vary within
individuals. The demographic clusters and family background variables are included in the
model to explain the differences in these intercepts and slopes. The first model only contains
the family background variables and in the second model the career and demographic

pathways are included.

Results

Descriptive results

Figure 1.1 shows the medoid of the five cluster solution for women’s career pathway. The
medoid is the sequence of which the distance to all other sequence in that cluster is lowest. It
therefore represents a typical pathway of someone within that cluster. The first cluster shows
a pathway that involves much enrollment in education, in which there is a gradual increase in
hours spend in employment. It is a pathway of a college attendee who focusses on education
first and then more permanently enters the labor market. The second cluster involves women
who have stable employment starting already in high school, but who do not attend any post-

secondary education. The third cluster also contains no postsecondary education, but women
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in this cluster have less stable employment. The fourth cluster contains those who both have

employment, but also are enrolled in post-secondary education. Finally, the fifth cluster

contains those who are mostly inactive after high school.

Figure 1.1

Medoid career pathways women

O not enrolled/employed B <20 emp O =20 emp
O high school B <20 emp high school O =20 emp high school
O college O <20 emp college O =20 emp college

In Figure 1.2 the different medoid career sequences for men are presented. The first medoid
sequence consists of unstable unemployment and no postsecondary education. Men in this
cluster are most inactive compared to those in other clusters. The second cluster contains
much enrollment in postsecondary education and towards the end more employment and
finally only employment (around age 23). The third cluster shows a combination of college
and work throughout the sequence only turning to only employment also around age 23.
Finally, men in the fourth cluster are those who have steady employment after high school,
but do not attend postsecondary education. For men we opt for the 4 cluster solution as a fifth
cluster for men only contains 90 respondents. Furthermore, this 5™ cluster contains stable

employment for 20 hours or less, which fits with the relatively inactive status of those in
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cluster 1 of which in the 4 cluster solution, they are part of. The different kind of career
pathways appear to be quite similar. Both men and women have a college with little
employment cluster, a college with employment cluster, an employment no college cluster and
a unstable employment no college cluster. The only difference is that among women there
appear to be those who are mostly inactive after high school and those who have unstable

employment, but no college education.

Figure 1.2

Medoid career pathways men

O not enrolled/employed B <20 emp O =20 emp
O high school B <20 emp high school O =20 emp high school
O college O <20 emp college O =20 emp college

Figure 2.1 shows the medoid sequences of the 5 cluster solution on demographic pathways
for women. The first cluster, represents those who stay in the parental home until age 25. The
second cluster, involves parenthood at a young age and no stable unions, as the sequence
contains only cohabitation for some period, but no marriage. In the third cluster women
postpone leaving the parental home, but do at the end leave and start a union. Compared to

the third cluster, women leave the parental home earlier in the fourth. Finally, women in the
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fifth cluster appear to follow the most traditional pattern as they leave the parental home

relatively early, but also shortly after get married and have children.

Figure 2.1

Medoid demographic pathways women

17 18 19 20 21 22 23 24 25

O Parental home O Left parental home with child B WMarried
O Parental home with child B Cohabiting B Married with child
O Left parental home B Cohabiting with child

In Figure 2.2 the medoid sequences of the 5 cluster solution for men are presented. In the first
cluster men leave the parental home, but only at the end (around age 23) in which they do not
enter a union or parenthood. The medoid sequence of the second cluster shows a more
traditional pattern, involving union formation and parenthood just after leaving the parental
home. However, they first appear to cohabit before they marry and have children. The third
cluster contains those who stay in the parental home. Men in the fourth cluster enter
parenthood before entering a union. When they enter a union it is a cohabiting union and not
a marriage. Finally, the fifth cluster contains those who leave the parental home at a relatively
young age (around age 20), but do not enter a union or parenthood before age 25. Again there

are similarities between the men’s and women’s clusters. Both men and women have a
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cluster of those staying in the parental home. Furthermore, both have cluster that involves
early parenthood but in which they do not enter marriage and appear to have little stability in
their relationships (parenthood and unstable union). Also, men and women have a cluster in
which they leave the parental home, but only around age 23 (postponing parental home
leaving). The main difference between the clusters of men and women are that men appear to
postpone relationship formation compared to women. However, both have a cluster that
involves union formation followed by parenthood within marriage (for men: union formation,
for women: married with children) and a cluster in which they remain relatively independent

(for women: independent and union, for men: independent living.

Figure 2.2

Medoid demographic pathways men

7 18 19 20 21 22 23 24 25

O Parental home with child B Cohabiting B Married with child

O Parental home O Left parental home with child B WMarried
O Left parental home B Cohabiting with child

Figures 3.1 and 3.2 show the distribution of the states at each time point for the different
career clusters for respectively women and men. These show that within a cluster some states
are more common at a certain time point than at another. For instance in the college and work

cluster, working for more than 20 hours while being in college occurs mostly in the middle of

23



298 MOOYAARTA, J., A. C. LIEFBROER, F. C. BILLARI

the sequence (age 21/22). Furthermore, in some clusters certain states are more prevalent
over the other states than in other clusters. In the only employment cluster, the state of being
unemployed is much prevalent, whereas in the college with little employment there is more

variation in the distribution of states at each time point.

[figures 3.1, 3.2, 4.1 and 4.2 about here]

Figures 4.1 and 4.2 show the distribution of states within the demographic clusters for
respectively women and men. Again there is variance in the extent to which a certain state is
dominant within a cluster. For both men and women the staying in the parental home cluster
almost exclusively contains this state, whereas for instance in the parenthood and unstable
union cluster there is no dominant state at the end of the sequence. These distribution figures
show that within clusters there is quite some variation in sequences that individuals have.
However, the sequences in each of the clusters do show similarities in the type of states that

they experience and the timing at which they occur.

[tables 1.1 and 1.2 about here]

Table 1.1 shows a cross tabulation of the demographic and career clusters of women. In
general demographic clusters that involve early childbearing (clusters parenthood and
unstable union and married with children) have relatively few individuals that follow a career
pathway that involves college education and vice versa. Furthermore, those who are in
cluster with early parenthood are mostly in the cluster that involve more unemployment/no
employment. Those who do not attend college, but have steady employment are mostly in the

independent and union cluster. However, most people in this cluster attend college. For men,
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presented in table 1.2, the distribution is mostly similar. A difference is that whereas for
women staying at the parental home mostly attend college, the men in this cluster are more
evenly distributed over all the career cluster, where in fact they are mostly present in the
unstable employment no college cluster. Although some combinations of cluster have many
whereas others have little, for both men and women, all cells contain at least some

individuals.

[tables 2.1 through 3.2 about here]

Tables 2.1 and 2.2 contain a cross tabulation of respectively women’s and men’s career
cluster with family background. In general, youths with higher parental income and education
tend to be more in clusters containing college education, whereas youths with low parental
income and education are more present in the clusters with little employment. Furthermore,
youths from broken families are less likely to be in a cluster containing college and relatively
more likely to be part of a cluster containing less activity in terms of employment and
education. Finally, whites are more likely than other races to be in a cluster containing
college education, although these differences appear to be higher among men. Tables 3.1 and
3.2 show the cross tabulation with demographic clusters and family background for
respectively women and men. Those in the parenthood and unstable union cluster more often
come from low income households with little parental education. Furthermore, the ones is
this cluster are more likely to come from single-headed and black households. Those
postponing the parental home leave and who are either independent or in a relationship are
more often have high earning and educated parents. Furthermore, they are more often white
and come from intact families. For women those staying in the parental home tend to come

from high income, educated household, whereas for men the distribution is more even.
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Although the distributions are different (all Chi2 tests are significant) all cells do contain
cases (except one in mixed race, but this is because there are few individuals in the data that

have a mixed race background).

[figures 5.1 and 5.2 about here]

In figure 5.1 the mean income trajectories of women for each career cluster are presented.
Those who have a cluster with college education have the highest income, which also appears
to increase the most compared to the other clusters. However, those in the employment no
college cluster start to converge more with the cluster containing college education after age
29. Between the college with little employment and the college and employment there appears
to be little difference. The mostly inactive cluster has the lowest income trajectory followed
by the unstable employment no college cluster. These clusters have both the lowest slope and
intercept. The same can be observed for men (figure 5.2), although for men the divergence
between those with college education and those without (especially compared to the unstable

employment no college cluster) appears to be stronger than for women.

[figures 6.1 and 6.2 about here]

In figure 6.1 the mean income trajectories of women per demographic cluster are presented.
Women who have a child after age 25 appear to have the highest income at age 25 until 32.
The most successful women appear to be those who leave the parental home between the
ages 17 and 25 either to live on their own or to enter a union. However, women who
remained in the parental home do catch up with those who had left the parental home earlier.

The postponing parental home leaving cluster shows the highest mean at age 32, although the
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confidence intervals show that they are not significantly distinct from the independent and
union and the staying in parental home cluster. The cluster with the lowest intercept and
slope is the parenthood and unstable union cluster. At all ages, except 25, women in this
cluster have a lower mean income compared to all the other clusters. For men (figure 6.2)
also those who postpone parenthood have a better income trajectory compared to those who
do. A difference is that the income trajectory for men in the staying at parental home cluster
is relatively lower compared to women. In fact, except for the parenthood and unstable union
cluster, men in all other clusters have an higher income at all ages. Finally, there appears to
be a little more divergence between the bottom two clusters and the other three clusters for

men than for women.

Growth curve model results

Results of growth curve modeling for women are presented in table 4.1. Model 1 contains all
the random slopes and intercepts for all the background variables. Parental income is
significant at the intercept (each higher quartile providing a higher income), but does not
explain variation in the random slope. That is, there are differences between youths, but these
differences do not change between the ages 25 and 32. Those who have a parent with more
than high school education also have a higher income at the intercept. Regarding family
structure, there are no effects at the intercept, but women who had a stepparent in the
household have a less steep slope compared to women who were raised by both biological
parents. In model 2 the career and demographic pathways are included. At the intercept all
career pathways have a higher income compared to the unstable employment no college
cluster, except for the mostly inactive for which the income is substantially lower. The
increase in income is higher for the college with little education , the college and employment

and mostly inactive cluster. This indicates that the clusters with college education diverge
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from the other clusters and that the mostly inactive cluster converges slightly with the cluster
with more employment. Regarding the demographic pathways there is only one significant
effect at the intercept, which is that women in the independent and union cluster have a
higher income compared to those in the staying in parental home cluster. The family

background variables are no longer significant at either the intercept or random slope.

[table 4.1 and 4.2 about here]

Table 4.2 shows the results of the growth curve model for men. Parental socio-economic
status measures are significant, whereas family structure is not at the intercept. Men with a
parental income in the highest quartile diverge in slope compared to those in the lowest
quartile. The effects of parental income at the intercept remain mostly significant in model 2.
For both the career and demographic pathways there are significant differences. Compared to
men in the unstable employment no college cluster all other have a higher income and those
in the college with little employment cluster diverge even more from this group with age.
Regarding the demographic clusters, men in cluster that involve independent living and
unions, but no parenthood have a higher income compared to those staying in the parental
home. However, these differences do not increase with age. Finally, for men there is an
intercept difference of race, indicating that black men have a lower income, but this

difference does not increase as the interaction with age (random slope) is not significant.

Summary and Discussion

In this study we have linked the transition to adulthood to income trajectories in young
adulthood. By examining the transition to adulthood holistically we were able to identity how

patterns of life-courses rather than single events influence ones income in young adulthood.
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Furthermore, it was investigated whether there is a visible divergence in the income between
young adults of today and to what extent these differences are related to different transitions
to adulthood and family background. The novelty of this research lies in incorporating the
transition to adulthood in models of intergenerational transmission of (dis)advantage.

First it was examined whether family background had an effect on income trajectories
during young adulthood. In line with the literature on diverging destinies (Amato et al., 2015;
Mclanahan, 2004; McLanahan, 2009) family background had a significant impact on income
during young adulthood, although it was mainly parental income that had significant effects
on the income trajectories of young adults. However, little divergence in slopes of the income
trajectories was found between those with high and low paren