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Abstract. The tutorial is devoted to categorical sequence data describ-
ing for instance the successive buys of customers, working states of de-
vices, visited web pages, or professional careers. Addressed topics include
the rendering of state and event sequences, longitudinal characteristics
of sequences, measuring pairwise dissimilarities and dissimilarity-based
analysis of sequence data such as clustering, representative sequences,
and regression trees. The tutorial also provides a short introduction to
the practice of sequence analysis with the TraMineR R-package.

1 Types of Categorical Sequence Data

Categorical sequence data are present in very different fields. There are sequences
with a chronological order such as in device control where we have sequences of
successive activity events [10], management where we have sequences of succes-
sive goods bought by customers [3] or sequences of types of activity carried out
by employees, in web usage analysis where we have sequences of visited pages
[9], and in life course studies where we have sequences describing work careers
or family life trajectories [2, 15]. In other domains sequences do not have a time
dimension. This is for example the case of sequences of proteins or nucleotides,
or of sequences of letters and words in texts.

The kind of knowledge we are interested in discovering from the sequential
data varies across disciplines. In biology the aim is to find out repeating patterns
in a same sequence or known patterns in given sequences. In text analysis, the
aim could be to find out patterns that characterize an author, or patterns com-
mon to texts dealing with a specific subject. The tutorial does not cover these
latter aspects, but focuses on methods primarily intended for sequences with a
time dimension. We consider methods for rendering and exploring a series of
hundreds or even thousands sequences of length more or less between 10 and
100, and an alphabet of symbols of limited size, say less than 20.

A categorical sequence is a ordered list of symbols chosen from a given alpha-
bet. For example, we will consider data describing the transition from school to
work of Irish students [11] which indicate in which of six states (EM = ‘employ-
ment’, FE = ‘further education’, HE = ‘higher education’, JL = ‘joblessness’,
SC = ‘school’, TR = ‘training’) the students are during each of the 72 months
following the end of compulsory school. For that example, the alphabet is of size
six and the sequences are of length 72. There are 762 observed sequences.

J.-G. Ganascia, P. Lenca, and J.-M. Petit (Eds.): DS 2012, LNAI 7569, pp. 3–6, 2012.
c© Springer-Verlag Berlin Heidelberg 2012



4 G. Ritschard

Table 1. Transversal view (left) versus longitudinal view (right)

id t1 t2 t3 · · ·
1 JL JL EM · · ·
2 SC SC TR · · ·
3 SC SC SC · · ·
...

...
...

...
...

id t1 t2 t3 · · ·
1 JL JL EM · · ·
2 SC SC TR · · ·
3 SC SC SC · · ·
...

...
...

...
...

Such state sequences typically correspond to panel data and can be organized
in tabular form (Table 1) with each row corresponding to a case (a sequence)
and each column to a position in the sequence. For state sequences, the position
conveys time information, namely the duration from the start of the sequence.
Instead of states, we can consider the events that provoke the change of state.
Changing from school to employment, for example, supposes that we end school-
ing and start a job the same months. Event sequences differ from state sequences
in two aspects: (1) the position of the events in the sequence do not convey time
information. Explicit time stamps are needed if we want account for time. (2)
Multiple events can occur simultaneously, while states are mutually exclusive.
The tutorial addresses methods for state sequences only. The presentation will
mainly consist in commented examples. We also shortly demonstrate how easily
such analyses can be run in R with the TraMineR toolbox [7, 14]. Nevertheless,
the TraMineR package also provides tools for event sequences. See for instance
[13] to get an idea of the kind of results you may derive from event sequences.

We start by discussing descriptive statistics of state sequence data and then
turn to more advanced dissimilarity-based analysis of sequential data.

2 Describing State Sequences

State sequences can be analyzed from two complementary standpoints. We can
look at the transversal distributions (Table 1 left). sequences of transversal sum-
maries (modal states, transversal entropies) give an aggregated view of the time
evolution of the set of sequences. Alternatively, we can look at the longitudinal
characteristics of each sequence (Table 1 left). Alongside with plots for render-
ing those different aspects, the tutorial shortly discusses useful characteristics
of transversal distributions and the longitudinal characteristics of individual se-
quences (number of transitions, longitudinal entropy, index of complexity, tur-
bulence).

3 Dissimilarity-Based Analysis

The success of sequence analysis in the social sciences is largely attributable to
Abbott [1] who introduced the so called ‘Optimal Matching’ (OM) analysis to
sociologists and historians. OM analysis consist in computing pairwise dissim-
ilarities between sequences by means of an edit distance and then running a
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clustering analysis from the obtained dissimilarities. Hamming, distance based
on the longest common subsequence, on the number of common subsequences,
... there are alternatives for computing such dissimilarities. Whichever we use,
it open access not only to clustering but to a whole range of dissimilarity-based
analysis: multidimensional-scaling, identifying sequences with the densest neigh-
borhoods [8], discrepancy analysis and regression trees for sequence data [14].

4 Conclusion

This tutorial gives a very short introduction to sequence analysis as it is
practiced for life course analysis. All the methods addressed are available in
TraMineR. The current users of TraMineR come from a great variety of dis-
ciplines and the methods have been used for example in studies of inverte-
brate movements [16], of disease management [6], in political science [4, 5],
for web usage analysis [9] as well as in analysis of impact of feedback on mo-
bile interaction with maps [12]. The TraMineR package is available from the
CRAN (http://cran.r-project.org/web/packages/TraMineR). For more de-
tails about the package, see http://mephisto.unige.ch/traminer.
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