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Abstract
This paper is mainly methodological. It is concerned with the different
ways me may analyse personal life course data. Personal life courses are
defined by a succession of events regarding living arrangement, familial life,
education, professional career, health, etc. We may focus on one of these
events — leaving home, marriage, first job, divorce, becoming disabled —
and examine how the hazard of experiencing it evolves with time and may
be affected by other factors or events. Alternatively, we may be interested, in a more holistic way, in analysing and comparing whole sequences.
The paper surveys the main available methods and classifies them into a
typology that distinguishes between the nature of data — time stamped
events or sequences — they need and the kind of questions — descriptive
or causal — they address. Both classical statistical methods and promising
but less known data-mining-based approaches are discussed. The aim of
the paper is to put these approaches into perspective by focusing on their
specificity and the complementary views they bring on life courses. Three
illustrations using data from the Swiss Household Panel will show the kind
of results we may expect from some of the less known methods: The first
concerns sex differences in working status mobility, the second is a survival
tree analysis of the risk to divorce, while the third focuses in sex differences
in the sequencing of a selection of young adults life events.
Keywords: Life course data, sequence analysis, event history analysis,
induction trees, survival trees, mining frequent sequences and associations
rules, social mobility.
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Introduction

Well-Being is neither static, nor macro, but rather relies strongly on the dynamics
of life courses. Individual factors (sex, birth cohort, parent’s social status, ...),
earlier events (leaving home, first union, completed education, first job, ...) as
well as the sequencing of these earlier events undoubtedly jointly influence the
chances of accessing Well-Being. Hence, we need to resort to suited techniques
for discovering related interesting knowledge from life course data. Personal life
courses are defined by a succession of events regarding living arrangement, familial life, education, professional career, health, etc. Methods for analysing them
are of mainly two sorts: 1) Methods that focus on a specific event — leaving
home, marriage, childbirth, first job — and examine how the hazard of experiencing it evolves with time and may be affected by other factors. We shall call
them the survival methods. They include the well known Kaplan-Meier survival
curves and Cox proportional hazard model. 2) Methods for sequence analysis
that are primarily concerned by the order in which events occur and the transition mechanism between successive states. These include for instance discrete
Markov models and optimal matching clustering. The aim of the paper is to
make an overview of these methods with a special emphasize on less known non
parametric heuristical data-mining-based approaches.
Our presentation will be organized as follows. We start in Section 2 with
a life course data representation issue: Survival methods consider mainly time
stamped events while sequence methods require indeed sequences as input. We
show that these are indeed just alternative representations of the same life courses.
In Section 3, we propose a typology of methods for life course data distinguishing
between survival and sequence methods, but also between descriptive and causal
approaches, between parametric and non parametric models. We then illustrate
in Section 4 the scope of three less known heuristical methods. The illustrations
are based on data from the Swiss Household Panel (SHP). The first one is an
analysis of the working status dynamics by means of a mobility tree, the second
one is an analysis of the risk to divorce with a survival tree, and the third is
concerned with sex differences in the sequencing of a selection of young adult life
events. Finally, we conclude in Section 5 by stressing, among others, limits of the
tree approaches discussed.

2

Time to Event and Sequence Views

Methods for event histories data depend on the nature of the data and the questions we are interested in. So let us first clarify these points.
A life event can be seen as the change of state of some discrete variable,
e.g. the marital status, the number of children, the job, the place of residence.
Such life histories data are collected in mainly two ways: as a collection of time
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stamped events (Table 1) or as state sequences (Table 2). In the former case,
each individual is described by the realization of each event of interest (e.g. being
married, birth of a child, end of job, moving) mentioned together with the time
at which it occurred. In the second case, the life events of each individual are
represented by the sequence of states of the variables of interest. Panel data are
special cases of state sequences where the states are observed at periodic time.
Table 1: Time stamped event view
ending secondary school in 1970 first job in 1971 marriage in 1973
Table 2: State sequence view
year
1969
1970
1971
1972
1973
civil status
single
single
single
single
married
education level primary secondary secondary secondary secondary
job
no
no
first
first
first
Table 3: Spell view
id from
to
civil status education job
id1 1969 1969
single
primary
no
id1 1970 1970
single
secondary no
id1 1971 1972
single
secondary first
id1 1973 1973
married
secondary first

Basically it is always possible to transform time stamped data into sequences
of either events or states, and reciprocally sequences — at least state sequences
— may be transformed into time stamped events. It is sometimes also useful to
put the data into spell view (Table 3) or in person-period form.

3

Methods for life events analysis

The aim of this section is to shortly survey the main methods available for dealing
with individual life course data. We first recall classical statistical methods and
then present promising data-mining-based approaches. In each case we distinguish between methods intended for time stamped data and those that deal with
sequences.

3.1

Statistical and data analysis methods

Methods for time stamped data are mainly concerned with the duration between
two specific events, birth and leaving home, first union and first child, for example.
3

Table 4: A typology of methods for life course data

questions
descriptive

causality

nature of
time stamped event
- Survival curves:
Parametric (Weibull, Gompertz)
and non parametric (Kaplan-Meier,
Nelson-Aalen) estimators.
- Hazard regression models
- Survival trees

data
state/event sequences
- Optimal matching clustering
- Frequencies of typical patterns
- Discovering typical patterns
- Markov models, Mobility trees
- Association rules between
subsequences

They try to answer questions about the distribution of the “survival” probabilities,
i.e. the probabilities of not experiencing the event before a duration t. We
can distinguish descriptive methods that just attempt to describe the survival
function, and causal or explanatory methods used to investigate the factors that
may influence the survival curves.
As for state or event sequence data, Abbott (1990, p. 377) distinguishes three
kinds of questions. 1) Are there typical sequence patterns, for instance does the
first job typically follow the end of education and precede leaving home, and if
yes what are their frequencies? 2) Given a set of sequence patterns, why are
they the way they are? Which independent variables determine which pattern is
observed? Does the socioprofessional status, for example, influence the familial
life course (time of marriage, number and timing of children)? 3) What are the
effects of given sequence patterns on some variables of interest? For example,
does the specific pattern of the successive educational, professional and familial
events influence the chances to be in good health at retirement time? The first
kind of questions has a descriptive concern, while the other two are issues of
causality.
The previous discussion suggests the typology shown in Table 4. This table
summarizes the main methods that are used in the literature for analysing life
events data. The survival analysis methods used with time stamped events are
shared with biomedicine and industrial quality control where the concern is just
the death of a patient or of a device, hence the term “survival”. These “survival”
methods are perhaps the most widely used for event history analysis. They are
well explained in several excellent textbooks, for instance in Allison (1984), Yamaguchi (1991), Courgeau and Lelièvre (1993) and Blossfeld and Rohwer (2002)
with a social science perspective, and in Hosmer and Lemeshow (1999) from a
biomedical point of view. The main feature of these methods is the handling of
censored data, i.e. cases that run out of observation while at risk of experiencing
the studied event. Hazard regression models, with discrete or continuous time,
especially the semiparametric Cox (1972) model, are well suited for analysing the
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causes of events. Their success is largely attributable to their availability in standard statistical packages and to the ease of interpretation of the regression like
coefficients they produce. Advanced issues regarding these models include the
simultaneous analysis of several events (Lillard, 1993; Hougaard, 2000) and the
handling of variables shared by members of a same group, i.e. multilevel analysis (Courgeau and Baccaı̈ni, 1998; Barber et al., 2000; Therneau and Grambsch,
2000; Ritschard and Oris, 2005).
Methods for sequence analysis, though best suited for analysing trajectories
in a holistic perspective (Billari, 2005), are less popular. This is certainly due
to the lack of friendly softwares for dealing with sequence data. A first simple
approach consists just in counting the occurrences of predefined subsequences.
This leads indeed to consider the predefined subsequences of interest as categorical
variables, which may then be analysed with tools for such variables, log-linear
models (Hogan, 1978) or classification trees (Billari et al., 2006) for instance.
Clustering based on Abbott’s optimal matching criteria (Abbott and Forrest,
1986; Abbott and Hrycak, 1990) has known some success and was for instance
exploited by Malo and Munoz (2003), Widmer et al. (2003), Levy et al. (2006),
Joye and Bergman (2004) and Lesnard (2006). See Abbott and Tsay (2000) for a
survey of earlier social science works carried out in this field and the accompanying
discussion for criticisms. The method is mainly descriptive. It consists in making
a typology of the population by grouping together individuals with similar life
course patterns. The life course associated to each class of the typology is then
analysed by looking at how the probabilities to be in the different possible states
change over the age scale. This produces nicely interpretable results.
Another useful method for sequence data is discrete Markov modeling that
focuses on the state transition probabilities between two successive time points.
They are often used for mobility analyses. Advances in this area include the
modeling of high order process (Raftery and Tavaré, 1994; Berchtold and Raftery,
2002), Hidden Markov Models, HMM, (Rabiner, 1989) and their generalization
as Double Chain Markov Models, DCMM, (Paliwal, 1993), and Markov Models
with covariates (Berchtold and Berchtold, 2004, p. 50). Despite these advances,
the estimation of Markov models lacks often reliability and the results provided
remain hard to interpret when we departure from very simple specifications.

3.2

Data-mining-based approaches

Data mining is mainly concerned with the characterization of interesting patterns, either per se (unsupervised learning) or for a classification or prediction
purpose (supervised learning). Unlike the statistical modeling approach, it makes
no assumptions about an underlying process generating the data and proceeds
mainly heuristically. For a general introduction to data mining, see for instance
Hand, Mannila, and Smyth (2001) for a statistically oriented presentation, or
Han and Kamber (2001) for a database perspective.
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Data-mining-based approaches have recently been considered for analysing
individual life courses from a socio-demographic point of view. Blockeel et al.
(2001) showed how mining frequent itemsets may be used to detect temporal
changes in event sequences frequency from the Austrian Family and Fertility
Survey (FFS) data. In Billari et al. (2006), three of the same authors also experienced an induction tree approach for exploring differences in Austrian and
Italian life event sequences. We initiated ourselves (Ritschard and Oris, 2005)
social mobility analysis with induction trees.
A lot of works has also been done within the field of biomedicine. Of special interest for discriminating life courses are the survival trees (Segal, 1988;
Leblanc and Crowley, 1992, 1993; Ahn and Loh, 1994; Ciampi et al., 1995; Huang
et al., 1998). Their principle is based on that of classification and regression trees
(Breiman et al., 1984; Quinlan, 1993; Kass, 1980) that are especially good at discovering interactions effects of explanatory variables. They recursively seek the
best way to partition the population according to values of the predictors in order
to get survival probability curves or hazard functions that differ as much as possible from one group to the other. De Rose and Pallara (1997) have demonstrated
the usefulness of this approach for socio-demographical analyses.
From this short survey, we distinguish mainly three data mining techniques
that seem promising for discovering interesting knowledge from life event data.
We have reported them in italic in Table 4. 1) Within the logic of “survival”
methods, survival trees should complement regression like models by helping at
discovering interaction effects between covariates. They will clearly exhibit differential effects like, for example, that of having a first child on the activity rate
that differs between women and men, but may also vary with cultural origin and
other factors. 2) Methods for seeking typical subsequences are by their very nature well suited for the analysis of sequence data. Their outcome, i.e. the typical
subsequences, may then be used either as dependent or independent variables for
causal analysis. 3) The mining of interesting association rules between frequent
subsequences is clearly of interest in the causal perspective. It will lead to statement like, for example, having experienced the subsequence first job, first union,
first child, is most likely to be followed by a sequence marriage, second child.

4

Some illustrations

We have clearly not the place to detail here all these possible approaches. We have
chosen therefore to limit ourselves to illustrate the outcome of some of the less
known data-mining-based methods only. We use data from the Swiss Household
Panel Survey (SHP). We start with the idea of mobility tree that is the easiest
to explain, then present results from survival trees and finally an analysis of
subsequences of length two.

6

4.1

Mobility Trees

We present here a working status mobility analyses based on the individual
records of the six first SHP waves (1999 to 2004). More specifically, we are
interested in how the chances to be working active, unemployed or not in the labor force in 2004 depend on the working status of the previous years, and in how
these relationships differ by sex and may be mediated by other covariates. For
the target variable, i.e. the 2004 working status, we consider just three states,
namely working active, unemployed and inactive. Active includes full time as
well as part time employed, but also working in family enterprises, while inactive
means not in the labor force and includes among others at home, student and
retired.
R o o t, M e n
9 3 .0
1 .6
5 .4
n = 1 2 8 3

W o r k in g a c tiv e
U n e m p lo y e d
In a c tiv e

W o r k in g s ta tu s B , 2 0 0 3
A c tiv e

In a c tiv e

9 8 .0
0 .8
1 .2
n = 1 0 8 5

P a r tn e r e d u c a tio n le v e l
L o w
9 9 .4
0 .3
0 .3
n = 7 1 1

U n e m p lo y e d , m is s .

2 9 .5
4 .9
6 5 .6
n = 6 1

8 2 .5
5 .8
1 1 .7
n = 1 3 7

P a r tn e r o c c u p a tio n
W o r k in g
r e tir e d , a t h o m e

H ig h

9 8 .3
0 .0
1 .7
n = 6 0

9 5 .2
1 .9
2 .9
n = 3 7 4

S tu d e n t
m is s .
7 0 .1
1 0 .4
1 9 .5
n = 7 7

Figure 1: Mobility tree, Men
The mobility tree approach consists in growing a decision tree using the 2004
working status as target variable and to include the statuses of the previous years
into the set of potential predictors, additional predictors being attained education
level, partner working statuses in 2003 and 2004, and partner education level.
Note that predictive working status variables are somewhat more disaggregated
than the target variable in that the active category is split into full time (>80%),
long part time and short time (<50%) active. A separate tree is grown for men
and women.
The tree growing principle is as follows. Starting with the root node where all
cases are grouped together, we look for the most discriminating factor among the
predictor list and split the node according to its values. For example in Figure 1
the most discriminating factor has been found to be the working status of the
previous year, 2003. We may notice here that despite we distinguished between
full time and part time active in 2003, there was no significant distinction between
these groups for predicting the 2004 working status. Hence we have only a split
in 3 groups instead of 5 possible, full time, long and short part time statuses
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having been merged together. The procedure continues then iteratively by trying
the same way to split the previously obtained nodes until some stopping rule is
reached. We used here the CHAID (Kass, 1980) algorithm with a 5% significance
limit and a minimal parent node size of 100.
Comparing the trees obtained for men and women (Figures 1 and 2), it appears
clearly that this mobility process is strongly gendered. We see that men that are
inactive in 2003 have a probability of about 66% to remain inactive the next year,
while this probability is 77% for women. Likewise, men unemployed in 2003 have
about 83% chances to be working active the next year against only 73% for
women. These percentages however could have been obtained through simple
cross tabulations. The most interesting aspects of trees, is their ability to detect
relevant interactions, which we observe when we go to deeper levels. For instance,
there is an interaction between the 2002 and 2003 status for women. Consider
for example women that are not in the labor force in 2003. Their probability to
remain inactive in 2004 largely depends on their 2002 status. Those who belonged
to the labor force in 2002 have almost 50% chances to return to the labor force
in 2004, while those who were already inactive in 2002 have 86% chances to
remain inactive. This is most probably a maternity effect. Another interesting
interaction effect is, in the tree for men, the one between being active in 2003
and partner’s education. The chances to become inactive are about 3% when the
partner has high education, while they are ten times less when the partner has
low education.
R o o t, W o m e n
7 7 .8
2 .3
1 9 .9
n = 1 6 4 7

W o r k in g a c tiv e
U n e m p lo y e d
In a c tiv e

W o r k in g s ta tu s B , 2 0 0 3
In a c tiv e

F u ll tim e , lo n g p a r t tim e

1 9 .1
3 .6
7 7 .3
n = 3 0 9

W o r k in g s ta tu s B , 2 0 0 2
In a c tiv e
1 2 .7
1 .7
8 5 .6
n = 2 3 6

S h o r t p a r t tim e

9 5 .7
1 .2
3 .1
n = 7 6 6

W o r k in g s ta tu s B , 1 9 9 9

A c tiv e
u n e m p lo y e d , m is s in g
3 9 .7
9 .6
5 0 .7
n = 7 3

9 7 .2
0 .8
2 .0
n = 6 1 7

7 3 .3
7 .7
1 9 .0
n = 1 9 5

W o r k in g s ta tu s B , 2 0 0 2

In a c tiv e
u n e m p lo y e d , m is s .

A c tiv e

U n e m p lo y e d , m is s in g

9 1 .8
0 .8
7 .4
n = 3 7 7

F u ll tim e
in a c tiv e
7 4 .1
3 .5
2 2 .4
n = 5 8

8 9 .3
2 .7
8 .0
n = 1 4 9

9 5 .0
0 .3
4 .7
n = 3 1 9

E d u c a tio n le v e l
L o w

9 5 .7
1 .1
3 .2
n = 3 5 0

H ig h

9 9 .2
0 .4
0 .4
n = 2 6 7

Figure 2: Mobility tree, Women
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W o r k in g s ta tu s , 2 0 0 0

L o n g p a r t tim e ,
U n e m p lo y e d
u n e m p lo y e d
p a r t tim e , m is s . in a c tiv e , m is s .
6 1 .7
9 .3
2 9 .0
n = 1 0 7

F u ll tim e
s h o r t p a r t tim e
8 7 .5
5 .7
6 .8
n = 8 8

4.2

Survival Trees

The principle of survival tree is quite similar to that of classification trees used in
the previous mobility analysis. The mere difference is that we are here interested
in the survival curve of the groups rather than in the distribution of a categorical
status variable. The aim is thus to segment the population into groups that differ
as much as possible in their survival characteristics, rather than in a categorical
distribution. Figure 3 shows a survival tree grown for the risk of divorce or more
specifically for the duration of the marriage until divorce. Data come from the
retrospective biographical survey carried out by the SHP in 2002. The criterion used consisted in maximizing the differences between Kaplan-Meier survival
curves using the significance of the Tarone-Ware Test. A 5% significance limit
was used as stopping rule. Explanatory factors considered include among others
birth cohorts, education level, whether ego had a child or not, language of the
questionnaire and religious practice, the latter two being cultural indicators. In
the nodes of the trees, we have indicated the number n of concerned cases, the
number e of events (divorces), the 90% percentile of the survival probability S,
and the survival probability at 30. The Kaplan-Meier survival curves corresponding to the 7 leaves (terminal nodes) of the tree are depicted in Figure 4.
Population
n = 3619, e = 622
S < 90% at 11
S at 30 = 0.77
TW χ2(1) = 54.81, p<0.0001

> 1940
n =2778, e = 499
S <90% at 9
S at 30 = 0.73
TW χ2(1) = 37.44, p<0.0001

<=1940
n = 841, e = 123
S < 90% at 21
S at 30 = 0.86
TW χ2(1) = 22.48, p<0.0001

<=1940 & Non French L.
n = 667, e = 79
S < 90% at 26
S at 30 = 0.89
TW χ2(1) = 8.08, p<0.0001

<=1940 & French L.
n = 174, e = 44
S < 90% at 11
S at 30 = 0.74

> 1940 & No Child
n = 603, e = 138
S < 90% at 5
S at 30 = 0.64
TW χ2(1) = 4.45, p=0.0349

> 1940 & Child
n = 2175, e = 361
S < 90% at 11
S at 30 = 0.75
TW χ2(1) = 9.77, p=0.0018

<=1940 & Non French L.
& University
n = 51, e = 12
S < 90% at 10
S at 30 = 0.76

> 1940 & No Child
& University
n = 86, e = 23
S < 90% at 3
S at 30 = 0.59

> 1940 & Child
& German or Italian L.
n = 1444, e = 217
S < 90% at 13
S at 30 = 0.77

<=1940 & Non French L.
& Not University
n = 667, e = 79
S < 90% at 29
S at 30 = 0.895

> 1940 & No Child
& Not University
n = 517, e = 138
S < 90% at 6
S at 30 = 0.65

> 1940 & Child
& French or unknown L.
n =731, e = 144
S < 90% at 8
S at 30 = 0.70

Figure 3: Survival tree for marriage duration until Divorce/Separation
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0.6

0.7

0.8

0.9

1.0

Leaves

Cohort <=1940 & Non French Speaking & University
Cohort <=1940 & Non French Speaking & < University
Cohort <=1940 & French Speaking
Cohort > 1940 & No Child & University
Cohort > 1940 & No Child & < University

0.5

Cohort > 1940 & Child & German or Italian Speaking
Cohort > 1940 & Child & French or Unknown Speaking
0

10

20

30

40

Figure 4: Survival tree, the 7 resulting survival curves
It results clearly from this tree that the risk of divorce increases dramatically
between those who are born before 1940 and younger generations, the 90% percentile falling from 21 to 9. We notice also that if for the older generation there
was a significant distinction between the French speaking population and the rest
of the Swiss population — divorce being more common in the French speaking
region,— this distinction is for the younger generations limited to those who had
a child. Non French speaking people born before 1940 with education below university level are the less exposed to divorce. On the other side, those born after
1940 without child but with high education level are the most exposed.

4.3

Discriminating subsequences

We turn now to an analysis of the sequence order. We are interested in which
pairs of events have the most significant different order between women and men.
Considering pairs of events {x, y} such as for example leaving home and first
job, we may distinguish three states for characterizing their sequencing: Event x
happens before y, x and y happen at the same time, x happens after y. To these
three states we have to add the case where the pair is not observed, i.e. when
at least one of the event was not experienced by the concerned individual. This
leaves us with the four states depicted in Table 5.
We assigned such a 4 state variable to each of the following couples of events
{Education End, 1st Job}, {Education End, Marriage}, {Education End, 1st
Child}, {1st Job, 1st Child}, {1st Job, Marriage}, {Marriage, 1st Child}, {Leaving Home, 1st Job}, {Leaving Home, Education End}. Figure 5 exhibits the
distributions of the non missing values for a selection of these variables. It shows
that it is really exceptional — in 20th century Swiss life courses — to have a
10

Table 5: Four states for the sequencing of two events x and y
State for the couple (x, y)
condition
notation
x happens before y
tx < ty
<
x and y happen simultaneously
tx = ty
=
x happens after y
tx > ty
>
not observed
x and/or y missing
miss.

child before being married and also before having a first job. The most common
situation is to have the first child after ending education and after having found
a first job. It is also quite common to start the first job the same year as when
we end education.
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Figure 5: Frequencies of characteristic 2-event sequences
To find out the major differences in these sequencings that distinguish women
from men, we may look at the classification tree in Figure 6. The target variable
is sex and the predictors were the state variables associated to the pairs of events.
The most discriminating pair is {Education End, 1st Job}, men having higher
chances than women to start working before having ended education. Among
those who start working before education has been completed, the proportion of
men is even higher when we consider only those who start working before leaving
their parent’s home. If we look now at those who have their first job after ending
school, we may note the large over representation of women among those who
have a child before the first job. This — ending school and having a child before
the first job — is indeed the profile with the highest women proportion. For men,
the most characteristic profile is starting the first job before ending school and
leaving home, and getting married when or after having completed education.
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R o o t
4 6 .3
5 3 .7

M e n
W o m e n

n = 4 7 5 5

E d u c a tio n E n d &
<

=

3 6 .9
6 3 .1

>

4 1 .3
5 8 .7

n = 9 5 4

1 s t C h ild &
<

n = 9 7 3

L e a v in g H o m e &

> , = , m is s .

>

< , > , m is s .

n = 7 6 1

=
2 3 .8
7 6 .2
n = 8 4

1 s t J o b

E d u c a tio n E n d &
> , m is s .

< , =

5 8 .6
4 1 .4

7 6 .3
2 3 .7

n = 4 8 5

n = 2 5 7

>
5 4 .4
4 5 .6

n = 1 0 2 9

n = 6 8 0

M a r r ia g e

1 s t J o b

< , = , m is s .
3 9 .6
6 0 .4

5 1 .8
4 8 .2

n = 7 4 2

E d u c a tio n E n d

n = 1 4 0 6

L e a v in g H o m e &

< , = , m is s .

6 4 .7
3 5 .3

n = 8 4 5

L e a v in g H o m e &

4 3 .6
5 6 .4

n = 1 4 2 2

3 8 .9
6 1 .1

n = 1 0 9

m is s .

5 8 .5
4 1 .5

1 s t J o b

2 1 .1
7 8 .9

4 0 .6
5 9 .4

1 s t J o b

E d u c a tio n E n d &

n = 3 7 7

M a r r ia g e

< , = , m is s .
3 8 .3
6 1 .7
n = 9 7 2

>
6 3 .2
3 6 .8
n = 5 7

Figure 6: Discriminating sex with two event sequencing
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Conclusion

We have seen that there are plenty of ways to look at individual longitudinal data,
each way having its own advantages. The aim of the paper was to give a synthesized view of the available methods and to illustrate the kind of outcome we may
expect from some less known data-mining-based techniques. We have especially
put emphasize on tree methods which have two major advantages: First, their
recursive splitting mechanism produce a tree structured comprehensive output
that can be straightforwardly interpreted. Secondly, they automatically detect
relevant interaction effects between explanatory factors. Following a branch of
the tree, we read how states of different variables combine themselves for defining profiles of homogeneous group regarding the target — discrete or survival —
distribution. By thus highlighting interactions, trees complement regression like
methods in which the effect of an explanatory factor is — except when an interaction is specifically specified — assumed to be independent of the values taken
by the other factors. These tree approaches have, however, also drawbacks. The
most important criticism formulated against trees is their potential instability.
Indeed, when two predictors have at one node almost the same discriminating
power, small changes in the data may lead to change the one that is selected
as splitting variable. There is undoubtedly a need for stability criteria, an issue
that has for instance already been investigated by (Dannegger, 2000). Another
important issue is the validation of the tree. Classification trees are usually validated by measuring their classification performance. In our settings however,
we are not interested in classification, but in the description provided by the
12

tree. There is here also a need for better suited criteria. The deviance we proposed in (Ritschard, 2006) is a first solution. Beside trees, methods for mining
sequence analyses, especially for finding the most typical subsequences of events
and relationships between such subsequences are perhaps those from which me
may expect the most highlighting holistic views on life courses. We have not
yet experimented them, but hope to be able to demonstrate their usefulness for
exploring individual life course data within the next months.
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