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Abstract

This paper explains how data-mining-based techniques can be used for
discovering interesting knowledge from sequences of life events, that is, to
find out how people sequence important life events. We illustrate with data
from the biographical survey conducted by the Swiss Household Panel in
2002. The focus is on the sequencing of events in the occupational life
course and of events such as starting a union and childbirth that affect the
living arrangement. Addressed methods include finding of frequent sequen-
tial patterns, identification of discriminant subsequences and clustering of
event sequences.

Mining of sequentially organized data has been successfully exploited in many
domains such as genetics, device control, speech recognition as well as for au-
tomatic text, customer behavior and web logs analysis. In the social sciences
sequence exploration mainly focuses on state sequences, and consists typically
in building typologies by means of the optimal matching approach (Abbott and
Forrest, 1986). In contrast, we focus in this chapter on event sequences rather
than state sequences. Let us clarify the difference between the two.

A state, such as being jobless, lasts the whole considered unit of time while
an event, for example ending a job, occurs at a certain time point and has no
duration. The event does not last, but provokes, possibly in conjunction with
other events, a state change. In state sequences, the positions in the sequence
reflect the duration since the beginning of the sequence, while in event sequences
they just inform about the number of precedent events. Therefore, while state
sequences are particularly of interest for studying durations and timing in life
courses, event sequences are especially useful when the concern is the sequencing,
i.e., the order in which events occur. State sequences have received a lot of
attention in the social sciences, especially since the popularization of the optimal-
matching-based methods by Abbott in the late 80’s (Abbott and Forrest, 1986;



Aisenbrey and Fasang, 2010), and there exist nowadays efficient pieces of software
to explore such state sequences (e.g., Brzinsky-Fay et al., 2006; Gabadinho et al.,
2011). As stated above, we do not address methods for state sequences in this
chapter, but focus on event sequences. The aim is to show what we can do with
event sequences and the kind of results that we can expect from an event sequence
analysis.

Although the exploration of event sequences has already been considered in
the social science literature (Abbott, 1983, 1991; Blockeel et al., 2001; Billari
et al., 2006), the approach followed in those works mainly consists, with the
noticeable exception of Blockeel et al. (2001), in looking at the frequencies of a
priori defined subsequences of interest. Here, we adopt a more holistic point of
view and explore all subsequences that can be found in the data. We place our
approach in the line of work developed by the data mining community (Agrawal
and Srikant, 1995; Mannila et al., 1995; Bettini et al., 1996; Mannila et al., 1997;
Zaki, 2001) as an extension of the mining of frequent—non ordered—patterns.

Broadly, the addressed methods consist in finding the most frequent sub-
sequences, i.e., the most common ways of sequencing life events, and then in
finding out among them those that best discriminate between groups such as
women and men for example. The measure of pairwise dissimilarities between
event sequences is also addressed and we show how such dissimilarities can be
used for clustering time-stamped event sequences.

For the social sciences, the exploration of event sequences should permit to
answer questions such as

e What is the most typical succession of family or professional life events?

e Are there standard ways of sequencing those events?

What are the most typical events that occur after a given subsequence such
as after leaving home and ending education?

How is the sequencing of events related to covariates?

Which event sequencings do best discriminate groups such as men and
women?

As already mentioned, our aim is to demonstrate the scope of sequential event
pattern mining in social sciences. We exploit for that the features offered by the
TraMineR package (Gabadinho et al., 2011) for event sequences (for TraMineR’s
event sequence features, see Studer et al., 2010, Biirgin et al., 2012 as well as the
User’s guide, Gabadinho et al., 2009) and illustrate with data on Swiss cohabita-
tional and occupational life courses.
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