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Chapter 1
Sequence analysis

1.1 Introduction
The life course approach to the study of demographic behavior has attracted increasing
interest in the recent literature. One of the techniques that have been proposed to
analyse life course data is sequence analysis. In sequence analysis each individual's
life course is considered as a sequence of states by an holistic point of view (Billari,
2001), i.e. life courses are thought of as being the outcomes of life-planning and it
is thus meaningful to consider each sequence as a whole in the input to statistical
analyses. The analysis of such data is very complex and proper multivariate statistical
techniques are necessary to extract information from such elaborate structure. In
the literature, cluster analysis has become the major approach and di�erent distance
measures and classi�cation techniques were proposed in order to �nd and e�ciently
describe the set of ideal-type sequences observed (see the reviews in Abbott, 1995 and
Abbott, Tsay, 2000). Abbott and Forrester (1986) �rst applied Optimal Matching to
calculate distances between trajectories and used them to cluster life courses in di�erent
groups; Billari and Piccarreta (2001,2005) proposed a monothetic divisive algorithm,
using OM distance, that resulted in a top-down hierarchical clustering. It divided
the data into smaller groups one variable at a time, making the clustering process

1



2
explicit and easy to interpret. Billari, F�urnkranz and Prskawetz (2006) used a machine
learning technique that allowed the detection of the characteristics which distinguish
di�erent sets of individuals through a decision tree. Elzinga (2005, 2006) introduced
some new metrics and relative similarity measures to compute the distance between
sequences. We will present some of these metrics with more details in Section 4. A
nonparametric approach for formal hypothesis testing was proposed by Kowalski, De
Gruttola, Pagano (2001) in the �eld of genetics. They presented a test for di�erences
between groups of highly dimensional genetic sequences in comparison of the interpoint
distance distributions within groups. The comparison is based on the M-statistic (see
Bonetti and Pagano, 2004).
A problem, that is still open concerns the explanation of sequences on the basis of a
set of explanatory variables. Until now, the principal contribution is given by McVicar
and Anyadike-Danes (2002). They suggested to use clusters obtained with Optimal
Matching distance as a dependent variable in a multinomial logit model to study the
connection between sequences and some socio-economic variables. In Section 5 we show
that the McVicar and Anyadike-Danes' model applied to Dutch FFS data performs
quite poorly as far as forecasting is concerned.
The lack of results presently available make explanation and prediction of sequences
particularly challenging analysis problems. In this thesis, in particular, our goals are:

� to identify and evaluate which individual and family factors explain the dissimi-
larity between life course trajectories;

� to model the whole process that generates sequences taking the explanatory struc-
ture into account, in order to estimate the e�ect of the explanatory variables and
also to predict life courses for any given combination of the explanatory variables;

� to use the output distance to detect and predict sub-groups as potential targets
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for speci�c public policies.

We propose three methods that we will present briey in Section 5 and which we will
develop in depth in the following chapters. They will be presented as three distinct
projects.
The remainder of Chapter 1 is organized as follows. Section 2 provides a description
of the data. In Section 3 we describe and evaluate several metrics for the represen-
tation of categorical time series. In Section 4 we present a graphical instrument to
depict the structure of sequences based on Dutch FFS data. Section 5 briey describes
methodological issues for explanatory and predictive analysis.
1.2 The motivating data
The data for this analysis are from the Family and Fertility Survey (FFS) that was con-
ducted between 1988 and 1999 by the Population Activities Unit (PAU) of the United
Nations Economic Commission for Europe (UNECE) in order to have a better under-
standing of recent trends, current patterns and the possible course of family-related
behaviour. The study was carried out in collaboration with 23 UNECE countries plus
New Zealand. In this chapter, in Chapter 3 and 4 we will focus only on the Dutch data,
while in Chapter 2 we will adopt an international comparative approach and we will
analyse the data from Italy, Spain, the Netherlands, Poland, Estonia, Sweden, Finland,
USA and Canada.
Dutch FFS was conducted in 1993. It is based on a retrospective sample of 3700 men
and 4500 women living in the Netherlands and born in the period 1950-1974. Here we
only use the female sample, born from 1953 and 1962. The available dataset contains
1893 women.
In the FFS, retrospective histories of childbearing and family formation of women were



4
collected on a monthly time scale. In what follows, we focus on ages between 18 and 30
years, leading to a trajectory of 144 consecutive states for each woman in the sample.
The state are: living single without children (S), married without children (M), in un-
married cohabitation without children (U), single with at least one child (SC), married
with at least one child (MC), in unmarried cohabitation with at least one child (UC).
Note that each state might be repeated more than once for each individual, but once an
individual visits a "Children state" she can not return in a "without-Children state".
Let us represent, for example, the life course of a woman has been single for 40 months,
then cohabitated for 30 months and �nally got married living with her husband for 74
months via the sequence S/40 U/30 M/74. Figure 1.1 shows this life trajectory.
The questionnaire covered many aspects of the women's life. In particular we focus on

Figure 1.1: An examples of possible observed life sequence, S/40 U/30 M/74. Time(months) is on the horizontal axis. Refer to the text for the meaning of the states.
the level of education, the birth cohort, religiousness of the women and whether their



5
parents were separated or divorced, at the moment of the interview.
1. The level of education attained of the women (Education), encoded as 1, 2 or 3 if
the woman has no education, from 0 to 3 years of education or more than 3 years of
education after age of 15. Education data is not available for Canada.
2. Religiousness is inserted as a dummy variable indicating whether the woman is
religious (Religion). No categorization is done for di�erent religions or for di�erent
levels of participation in religious activities. Data on religiousness are not available for
Sweden and Finland.
3. Parental divorce (Divorce). A dummy variable for family background is included in
the model and indicates whether parents are separated or divorced.
4. Cohort (Cohort). We used two cohorts: born between 1953 and 1957 or between
1958 and 1962. The �rst cohort serves as the reference in the model.
Because the informations on the women were collected at the moment of the interview
(after the age of 30), Religion and Divorce could not be used to explain or predict the
sequences. Education and Cohort have not the same problem because the �rst variable
pertains to a status before the beginning of the sequences and the other does not vary
over time. Considering that most of parental divorces take place during adolescence,
we believe that to insert Divorce does not cause substantial distortions. The choice of
including Religion was more problematic due to the possibility to change the religion
belief during the life. Despite that, we believe that Religion can give a contribution to
explain the sequences and we opted to insert it in the models we present in this thesis.
1.3 Metric representation of categorical time series
In sequence analysis, one of the main methodological challenges was, and still is, how
to suitably measure dissimilarity between two sequences.
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The �rst method presented in literature was Optimal Matching Analysis (OMA). It was
originally used in biology to study DNA sequences (Sanko� and Kruskal, 1983) and was
afterwards introduced to social science by Abbott and Forrester (1986). OM measures
the distance between sequences as the "cost" needed to transform one sequence into
another one, using a set of transforming operators: insertion (�), deletion (�) and
substitution (�). A "cost" is associated to each operator c(!), ! 2 (�; �; �). The
dissimilarity between two sequences is given by the minimum sum of costs to transform
one sequence into the other.
As pointed out by several authors (e.g. Billari, F�urnkranz and Prskawetz (2006);
Piccarreta and Billari, 2005) one of the main problems in the application of Optimal
Matching concerns the subjectivity of the de�nition of costs c(!). One of the choices
applied successfully in literature was to set the insert and deletion cost equal to 1,
c(�) = c(�) = 1, and the substitution costs inversely proportional to observed transition
frequencies (Rohwer and P�otter, 2004; Piccarreta and Billari, 2005). Given two states
s1 and s2, let Nt(s1) be the number of individuals who experiences state s1 at time tand let Nt;t+1(s1; s2) be the number of individuals who undergo a transition from state
s1 at time t to s2 at time t+1. The average relative transition frequency from s1 to s2is:

f(s1; s2) = 1T � 1
T�1X
t=1

Nt;t+1(s1; s2)Nt(s1) (1.3.1)
The cost of substituting s1 to s2 can then be de�ned as:

c(�; s1; s2) = 1� f(s1; s2) s1 6= s2 (1.3.2)
In some applications it could be reasonable and useful to have a symmetric cost matrix.
To this intent the substitution cost between states s1 and s2 can be de�ned as

c(�; s1; s2) = 2� f(s1; s2)� f(s2; s1) s1 6= s2: (1.3.3)



7
OM was successfully used in many social science applications (e.g. McVicar and
Anyadike-Danes, 2002; Widmer, Levy, Pollien, Hammer and Gauthier, 2003; Stovel
and Boland, 2004; Billari and Piccarreta, 2005; Piccarreta and Billari, 2005), but it
has also been criticized (Levine, 2000; Wu, 2000; Elzinga, 2003, 2005). Criticisms of
OM concern the subjectivity of the choice of the cost determination, the fact that the
metric has no social interpretation and that it does not handle duration (the amount
of time spent in each status) in a proper way (see Wu, 2000; Levine, 2000; Elzinga,
2003).
Recently, Elzinga (2003, 2005, 2006) developed a series of metrics in the sequence space
based on a technique that attempts to solve the drawbacks of the OM technique. The
basic idea of the methods, called combinatorial sequence analysis, was to use quanti�ed
properties of (sub-) set(s) of common subsequences to construct a metric.
Using Elzinga's approach, let s = s1s2s3::: be a sequence of states, si belonging to a
�nite set of possible states. Let S denote the set of all possible sequences of states
and A the set of distinct states; the empty sequence, �, also belongs to S. Given two
sequences (s; s0), an attribute is a quanti�ed property A(s; s0) of the pair (s; s0). If the
attribute satis�es the conditions:

A(s; s0) = A(s0; s)0 � A(s; s0) � minfA(s; s); A(s0; s0)g (1.3.4)
then the function

d(s; s0) = A(s; s) + A(s0; s0)� 2A(s; s0) (1.3.5)
is a metric over S. Several choices are possible to de�ne an attribute, which is then
used to de�ne di�erent metrics d :S� S! Q, using (1.3.5).
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1.3.1 Elzinga's metrics
In this section we will describe the four metrics Elzinga (2005) provided.
In order to introduce the attributes required to construct these metrics, some concepts
and notation are needed. A sequence u is a subsequence of s, u 2 s, if all the states of u
appear in s in the same order. Given two sequences (s; s0), we say that u is a common
subsequence of s and s0 if u 2 s and u 2 s0, i.e. u 2 C(s; s0), where C(s; s0) denotes the
set of all common subsequences of (s; s0). It is possible that a subsequence is embedded
more than once in a sequence. If a subsequence u is embedded k times in a sequence
s we write jsju = k. A sequence s is said to be of length n if it is constructed with n,
not necessarily distinct, characters from A and this fact is denoted by writing jsj = n.
The subsequence si = (s1:::si) 2 S is called the i-th pre�x of s with s0 = � and sn = s
if jsj = n.
The possible attributes are:

1. The Longest Common Pre�x (LLCP ):
LLCP (s; s0) = maxisi : si = s0i (1.3.6)

denoting the length of the longest common pre�x of the pair (s; s0). The related
Euclidean distance is

dLLCP (s; s0) = jsj+ js0j � 2LLCP (s; s0) (1.3.7)
2. The Length of the Longest Common Subsequence (LLCS):

LLCS(s; s0) = maxu2C(s;s0)juj (1.3.8)
denoting the length of the longest subsequence of the pair (s; s0). The related
Euclidean distance is

dLLCS(s; s0) = jsj+ js0j � 2LLCS(s; s0) (1.3.9)
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3. The Number of Common Subsequences (NCS):

NCS(s; s0) = jC(s; s0)j (1.3.10)
and the related Euclidean distance is

dNCS(s; s0) = NCS(s; s) +NCS(s0; s0)� 2NCS(s; s0) (1.3.11)
4. The Number of Matching Subsequences (NMS):

NMS(s; s0) = X
u2C(s;s0) jsjujs

0ju (1.3.12)
which weighs the common subsequences by their embedding frequency in both
sequences. The related Euclidean distance is

dNMS(s; s0) = NMS(s; s) +NMS(s0; s0)� 2NMS(s; s0) (1.3.13)
Elzinga also suggested criteria to take into account the duration of the permanence in
each status: minimal shared time and duration as weights.
The �rst approach that incorporates the duration in attributes considers the part of
the duration that is the same in the common subsequences of two trajectories. Let
u 2 (s; s0) and let ts(ui) denote the time spent in the i-th state of u as embedded in s.
The minimal shared time t(u) is de�ned as

t(u) = jsjX
i=1 min(ts(ui); ts0(ui)) (1.3.14)

and the distance is calculated by weighing the common subsequences or their embed-
ding by the minimum shared time. In the second approach, the time spent in a common
subsequence is de�ned as a vector product of state duration vectors:

t(u) = jsjX
i=1 ts(ui)ts0(ui) (1.3.15)
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The main di�erence between the two approaches is that "duration as weight" for each
pair of common subsequences considers both the duration of the subsequence in two
trajectories, while "minimal shared time" is insensitive to the longer of the two com-
pared durations.
All the distance matrices in this thesis are calculated with the CHESA 2.1 package.
For details of this software see http://home.fsw.vu.nl/ch.elzinga/.
It is not possible to show that one of these metrics is better than the others and
there is no criterion to lead to a permanent rank of them. Only social science theory,
the accurate study of the aspects that each metric emphasizes and the interpretation of
the results obtained can help choose which metric is more appropriate for the subject
in analysis. Here, the goal is to select the best metric in partitioning sequences, in
the sense that, as input of cluster analysis, provides clear ideal type trajectories and
highlights the main di�erence among sequences.
A limit of OM and Elzinga's dissimilarities (except the LLCP ) is that they do not
take into account the direction of the sequences, that is, when they evaluate equal
subsequences (e.g. NCS) or a di�erent state (OM) between two sequences they do not
consider the position of such subsequences or state in the sequences. For example, it is
di�erent if two sequences have a common subsequence at the beginning of the sequence
or if one has it at the beginning and the other one at the end of the sequence. NCS
counts the number of common subsequences, but does not take into account if the sub-
sequences refer to similar or dissimilar life periods. It is also di�erent if two sequence
di�er for a state in a slightly di�erent order (for example AAAAB and AAABA) or in
in completely opposite position (AAAAB and BAAAA), but OM does not pick up this
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di�erence. Probably it could be useful to introduce opportune weights to account for
the position of a states when di�erent states or common subsequences are evaluated.
To propose a new metric is beyond the scope of this thesis, but it is important to note
that the direction of the sequence has a signi�cant role.
1.4 Cluster and MDS: a graphical tool
Cluster analysis is used to segment a collection of cases into homogeneous groups ac-
cording to a dissimilarity measure. Given the dissimilarity matrix standard techniques
can be applied to obtain clusters (McVicar and Anyadike-Danes, 2002, discuss criteria
of clustering). We use a hierarchical cluster analysis as in McVicar and Anyadike-
Danes. We use the Ward's agglomerative algorithm as in Aassve, Billari, Piccarreta
(2004) and Piccarreta, Billari (2007), because it generally produces a set of clusters of
more homogeneous size as compared to other common algorithms (e.g., single linkage,
complete linkage, centroid, median).
It is well known that in cluster analysis di�erent measures of distance can be used (e.g.,
statistical distance, Manhattan distance, a.s.o.). Usually, the proper distance measure
is selected by referring to the quality and the meaningfulness of the obtained clusters.
As concerns the quality of a partition, this can be evaluated by considering the ho-
mogeneity within clusters. As for the meaningfulness of clusters, this is related to the
interpretability and to the separation of clusters with respect to the variables at the
basis of the agglomerative procedure. In sequence analysis the "objects" to be clustered
are very complex, and it is not very easy to evaluate in depth clusters' characteristics.
To overcome this problem we follow the procedure proposed by Lior, Piccarreta (2007).
It refers to Multidimensional Scaling (see e.g. Lattin, Green, Douglas Carroll, 2002),
a statistical technique which may prove useful to obtain a graphical representation of
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the sequences (within clusters) and to clarify which are the main di�erences between
sequences emphasized by a given dissimilarity measure. The input in Multidimensional
Scaling (MDS) is a dissimilarity matrix. Each case is projected onto a factorial space
of properly chosen dimension. The extracted dimensions may be interpreted as the
latent factors underlying the observed dissimilarities between cases. More precisely,
the Euclidean distances calculated by referring to the factorial dimensions should be
as close as possible to the observed dissimilarities. A real vector is associated to each
sequence. If the projection space has a low dimension, it is possible to plot the original
sequence-points in a vectorial space, and moreover, to deal with low-dimension vectors
rather than with the whole sequences. Halphin and Chan (1998) represented the MDS
solution applied to sequence analysis in a three-dimensional scatterplot in order to in-
vestigate the coherence and the interpretability of the space in which the sequences
were plotted. We move the attention from the description of the MDS space to the
description of the sequence features emphasized by the metric used. We thus do not
focus on the interpretability of the MDS space but on the characteristics that make two
sequences similar according to a given metric and on the interpretation of the clusters
obtained with that metric. After having applied MDS, the procedure can be described
as follows:

1. order sequences according to the �rst MDS factor. This permits analyzing the
characteristics of the sequences that are evaluated as more similar/dissimilar on
the basis of a given metric;

2. plot the sequences in the mds factorial space so as to visualize which sequences
are clustered together by a hierarchical algorithm based on a given metric.
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In this way, it can be possible to compare the di�erent metrics described in the previ-
ous section and to choose the one providing a suitable MDS solution and/or clustering.
However, as Elzinga (2006) remarks, we are aware that this does not mean that the
chosen metric is superior to any other metric, but that it underlights the more mean-
ingful aspects of the sequence regarding the purpose of the analysis.
In our analysis we took into account only metrics which, at least in our opinion, use
information in sequences in the most complete manner: NCS and NMS, handling
duration as a weight and minimal shared time, and OM, using symmetric and not
symmetric data driven cost matrices. Hence, we excluded LLCP and LLCS because
they are based upon a partition of the sequence only (the pre�x or subsequence) and
hence partially use the information contained in the sequences. We compared the
metrics through some preliminary analyses that consider the order of the sequence
according the �rst MDS factor and the representation of clusters in the Multi Dimen-
sional Scaling space (results not shown here). Looking at these graphics we noted that
in considering two sequence similar, the OM metric emphasizes the dominant state,
while NCS and NMS stress more the life-path. The �rst thus is more focus on the
"broad" vision of the sequence, unlike NCS and NMS that consider all the visited
states, regardless of the time spent in them. For example, OM considers two sequences
as S/144 and S/100 U/2 S/42 quite close, on the contrary of the other two metrics.
From a theoretical point of view, we believe that in family formation �eld it is impor-
tant to take into account all the state changes, since also small changes can inuence
the life choice of individuals. Therefore we prefer the NCS and NMS metrics. This
preference is con�rmed also from a "practical" point of view, evaluating the quality of
partitions. Looking at the results of cluster analysis we decided to use the NMS metric
with duration as weight to obtain the distance matrix that we will use as a starting
point for the methods to be applied in this and the next chapters. Clusters obtained
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with NMS are well separated and could be easily described in terms of dominance of
states in their life history (see below), while clusters obtained with other metrics result
separated but can not be so easily interpreted in terms of sequence patterns (see the
Appendix).
As it was said before, a meaningful graphical representation of a sequence data ma-
trix is a basic, but not trivial matter. At this aim we display the sequences, ordered
according to multidimensional scaling coordinates, in a plot having time in months on
the vertical axis and the rank of individuals on the horizontal axis. Di�erent colors
indicate di�erent statuses: red = S, orange = M, green = U, sky-blue = SC, violet
= MC, pink = UC (refer to section 1.2 for de�nitions). This sorting, bringing similar
sequences closer, allows the observation of the main trends of the life courses based on
the color impact. Figure 1.2 shows the sequences in our sample. Such a representation
remains di�cult to interpret but it is possible to note the second and third states are
crucial in determining the similarity between sequences. Moreover, it is possible to
note that this metric distinguishes between two main typologies of family formation:
single-marriage-marriage with children (S M MC), on the left side of the graph, and
single-cohabitation (S U), on the right side of the graph.
Certainly, deeper analyses are required to investigate this complex set of relationships,
but this kind of representation is however informative. It will allow us to evaluate
graphically the results of the more detailed studies which will be described in this
chapter and in the next one.
A common approach to exploratory sequence analysis has been to use dissimilarity data
to perform cluster analysis in order to �nd ideal type trajectories (Abbott, 1995; Billari,
Piccarreta, 2001, 2005; McVicar and Anyadike-Danes, 2002; Mouw, 2004, Elzinga and
Liefbroer, 2006). The data considered here were grouped using a hierarchical cluster
analysis with Ward's algorithm. The combination of "Cluster-MDS" graphics is a good
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Figure 1.2: Representation of individual sequences of states using �rst MDS componentordering. Time in months is on the vertical axis and the rank of sequences on thehorizontal one (colors indicate di�erent statuses: red = S, orange = M, green = U,sky-blue = SC, violet = MC, pink = UC).
instrument to characterise and explain the clusters.
Analysing the "Cluster-MDS" graphics obtained by varying the numbers of groups we
opt for 6 groups. The contents of the clusters are homogeneous and the cluster are
distinct, when looked at as "family careers". NMS and clustering lead to a reasonable
typology of family life trajectories. For brevity, we report only the plots based on this
choice. In Figures 1.3-1.4 we plot together the clusters and the MDS solution, coloring
the points of MDS according to cluster membership (black = cluster 1, red = cluster
2, green = cluster 3, blue = cluster 4, sky-blue = cluster 5, pink = cluster 6) and
representing the sequences, separated in clusters and ordered by the MDS coordinates.
In order to deal with the fact that the sizes of the groups are often very di�erent, we
scale the width of the sequences so as to have the same overall span in the horizontal
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axis. This allows for a better appreciation of the di�erence and the similarities in the
groups.
The clusters obtained are generally well de�ned and display signi�cantly distinct pat-

Figure 1.3: Projection of the three-dimensional multidimensional scaling solution onthe xy, xz and yz planes. Points are colored according to the cluster membership:black = cluster 1, red = cluster 2, green = cluster 3, blue = cluster 4, sky-blue =cluster 5, pink = cluster 6.
terns, briey described Table 1.1. The �rst cluster is dominated by single-cohabitation
(S U) combinations. This cluster also include individuals that experience only the
single state (S). In the second cluster there are only individuals that experience the
single-marriage-marriage with children dynamic; the time spent in each state may vary
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Figure 1.4: Representation of individual sequences of states, separated in clusters, using�rst MDS component ordering. Time in months is on the vertical axis and the rank ofsequences on the horizontal one (colors indicate di�erent statuses: red = S, orange =M, green = U, sky-blue = SC, violet = MC, pink = UC).

(S M MC). Cluster 3 is a residual cluster containing the less frequent patterns, such
as complex sequences (with many transition) or marriage with children throughout
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Cluster N Brief description1 363 single-cohabitation (S U) sequences2 709 single-marriage-marriage with children (S M MC)3 193 residual category4 343 single-cohabitation-marriage-marriage with children (S U M MC) sequences5 150 single-marriage sequences (S M)6 139 single-cohabitation-marriage (S U M) sequences

Table 1.1: Description for the obtained cluster solution
the observation period. The fourth cluster is dominated by the single-cohabitation-
marriage-marriage with children (S U M MC) sequences. Cluster 5 contains single-
marriage sequences (S M). Cluster 6 is composed of single-cohabitation-marriage (S U
M) sequences. In the last two clusters the time spent in each state varies atly.
Figures 1.5-1.11 show that the sequences are strongly structured looking at the number
of states experienced and the permanence in di�erent states. We plot the �rst two di-
mensions of the MDS solution using di�erent colors to represent the di�erent features
of the sequences. Colors for the number of states visited are: black = 1, red = 2, green
= 3, blue = 4, sky-blue = 5, pink = 6, yellow = 7, grey = 8, violet = 9. For the
time spent in di�erent states we divide the distribution of time in quartiles and color
the �rst quartile in black, the second in red, the third in green and the fourth in blue.
Figures concerning the time spent in SC and UC are less structured because only few
women experience these two states.

These preliminary analyses con�rm that NMS metric exploits in a complete way
the informations in sequences in order to distinguish individual behavior: the num-
ber of states experienced, the second and third states experienced (the �rst state is
not particularly informative since it is almost invariably S) and time spent in di�erent
states.
To sum up, the combination of cluster analysis and Multidimensional scaling provide
an appropriate tool: to choose the metric and to represent the sequences in a simple
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Figure 1.5: Projection of multidimensional scaling solution. Points are colored accord-ing to the number of states visited by individuals: black = 1, red = 2, green = 3, blue= 4, sky-blue = 5, pink = 6, yellow = 7, grey = 8, violet = 9.

Figure 1.6: Projection of multidimensional scaling solution. Points are colored accord-ing to the quartiles of the distribution of the time spent by individuals in state "single"(black = 1st quartile, red = 2nd quartile, green = 3rd quartile, blue = 4th quartile).
and easy to interpret manner.



20

Figure 1.7: Projection of multidimensional scaling solution. Points are colored ac-cording to the quartiles of the distribution of the time spent by individuals in state"marriage" (black = 1st quartile, red = 2nd quartile, green = 3rd quartile, blue = 4thquartile).

Figure 1.8: Projection of multidimensional scaling solution. Points are colored ac-cording to the quartiles of the distribution of the time spent by individuals in state"cohabitation" (black = 1st quartile, red = 2nd quartile, green = 3rd quartile, blue =4th quartile).
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Figure 1.9: Projection of multidimensional scaling solution. Points are colored accord-ing to the quartiles of the distribution of the time spent by individuals in state "singlewith children" (black = 1st quartile, red = 2nd quartile, green = 3rd quartile, blue =4th quartile).

Figure 1.10: Projection of multidimensional scaling solution. Points are colored ac-cording to the quartiles of the distribution of the time spent by individuals in state"marriage with children" (black = 1st quartile, red = 2nd quartile, green = 3rd quartile,blue = 4th quartile).
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Figure 1.11: Projection of multidimensional scaling solution. Points are colored ac-cording to the quartiles of the distribution of the time spent by individuals in state"cohabitation with children" (black = 1st quartile, red = 2nd quartile, green = 3rdquartile, blue = 4th quartile).
1.5 Explaining and predicting life courses: the meth-ods
A criticism of existing approaches to sequence analysis is that the results of cluster
procedure have not generally been applied to further explanatory analysis with success.
McVicar and Anyadike-Danes (2002) used the patterns found as the outcome of cluster
analysis as the input for a multinomial model in order to predict sequence patterns
using covariates. We replicate the method proposed by McVicar and Anyadike-Danes
for Dutch FFS data, using clusters as a dependent variable in a multinomial logit model
to understand if individual and family characteristics (education, religion, parental
divorce, cohort) have an e�ect on the probability of experiencing a speci�c sequence
pattern. Refer to Section 2 for the description of these variables. Evidence suggests
that these background characteristics inuence the probability of experiencing a speci�c
pattern of family status. In Table 1.2, we describe the results of the model. It reports
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Covariate Coe�cient for the following comparisonsCl.1 vs Cl.6 Cl.2 vs Cl.56 Cl.3 vs Cl.6 Cl.4 vs Cl.6 Cl.5 vs Cl.6Cohort 0.54 -1.15 -0.93 -0.05 -0.99Divorce 0.61 -0.72 0.19 0.47 0.10Religion -0.14 1.13 -0.04 0.03 1.12Education -0.08 -1.31 -1.63 -0.63 -0.73Intercept 2.14 4.76 4.33 2.00 2.17

Table 1.2: Logit model coe�cients for the six-clusters solution (Boldface indicates p-values lower than 0.05).

the estimated coe�cients of the logit model. Although all the covariates are signi�cant
according to the Wald Chi-Square test, once we try to predict cluster membership
on the basis of the multinomial model, we observe a very low predictability. This
is illustrated by Figures 1.12-1.13. These �gures compare the obtained clusters with
those actually predicted using the multinomial model. It is immediately noticeable
that two clusters are never predicted in the prediction; moreover the largest sample
cluster is overestimated by the model and the original subdivision is not respected in
the predicted groups, which end up resulting not homogeneous.
From our point of view, the principal limitation of this method is due to the loss of
information that follows the grouping of sequences in clusters. The transformation from
a high dimensional structure into a one-dimensional categorical variable presumably
does not capture enough information to make a reliable forecast. Cluster analysis is a
useful tool to simplify the sequences structure in order to identify patterns, but it does
not seem suitable for prediction. We believe that a more successful approach to explain
and predict the structure of data is to deal with less simpli�ed data. For example,
one could consider the distance between sequences, or retain the full complexity of
the sequences. A dissimilarity matrix is however a lower-dimensional summary of
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Figure 1.12: Representation of individual sequences of states, separated in clusters,using MDS ordering. Time in months is on the vertical axis and the rank of sequenceson the horizontal one (colors indicate di�erent statuses: red = S, orange = M, green= U, sky-blue = SC, violet = MC, pink = UC).
the sequences and clearly it is not a "su�cient statistic" in any sense, but it is more
informative than a cluster variable. In what follows, we propose three methods in these
directions:

1. a regression model with distance between sequences and a suitably chosen tem-
plate as the dependent variable;

2. an ANOVA-like model building approach based on permutation distribution ideas;
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Figure 1.13: Representation of individual sequences of states, separated according toestimated clusters, using MDS ordering. Time in months is on the vertical axis andthe rank of sequences on the horizontal one (colors indicate di�erent statuses: red =S, orange = M, green = U, sky-blue = SC, violet = MC, pink = UC).
3. a parametric approach to model the whole process that generates sequences.
We now briey describe the content of the chapters that follow.

In Chapter 2, we present two regression models to analyse adolescent premarital preg-
nancy. The goal is to seek individual and origin family factors associated with the
propensity to be an adolescent single mother. Moreover, we emphasize the importance
of selecting the more appropriate metric with regard to the issue in analysis.
In Chapter 3, we discuss and apply Analysis of Dispersion (ANODI) and selection
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model techniques to investigate the determinants of the distance between sequences.
The method allows to analyse the explanatory capability of the factors and to evaluate
their signi�cance using permutation distribution ideas.
In Chapter 4, following a parametric approach we model the whole process that gen-
erates life trajectories with a combination of time-to-event distributions and transition
probabilities. With the model it is possible to estimate the transition probabilities and
the duration distributions between subsequent transitions, as well as to compute the
probability that a given individual experiences a certain transition status. Covariates
can also explain di�erences between groups of individuals.
1.6 Appendix
In this Appendix we show the results of cluster analysis using NCS (with duration as
weights) and OM metrics (with symmetric cost matrix).
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Figure 1.14: Representation of individual sequences of states, separated in clusters,using �rst three MDS component ordering (NCS with duration as weights). Time inmonths is on the vertical axis and the rank of sequences on the horizontal one (colorsindicate di�erent statuses: red = S, orange = M, green = U, sky-blue = SC, violet =MC, pink = UC).
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Figure 1.15: Representation of individual sequences of states, separated in clusters,using �rst three MDS component ordering (OM with with symmetric cost matrix).Time in months is on the vertical axis and the rank of sequences on the horizontal one(colors indicate di�erent statuses: red = S, orange = M, green = U, sky-blue = SC,violet = MC, pink = UC).



Chapter 2
Predicting teenage and long run
non-marital childbearing using
sequence based methods

2.1 Introduction
Identifying young women who are likely to become early single mothers is an interesting
issue for policy makers, because the prevention of "risky" behavior might be possible
with targeted and well-timed intervention. Evidence suggests that teenage premari-
tal motherhood is associated with a number of negative outcomes for the mother and
the child. For the mother: worse life opportunities, educational underachievement,
prolonged welfare dependence and maternal depression. For the child: learning prob-
lems, delinquency and addiction (Ho�erth, 1987; Bardone, Mo�tt, Caspi, Dickson and
Silva, 1996; Moore, Morrison and Green, 1997). The development of models that use
antecedent and current life factors to explain the risk of teenage pregnancy has an
enormous importance in identifying targets for future intervention and improving the
success of programs that prevent this problematic behavior.
In this paper we use sequence techniques to predict the predisposition of being a long-
term single mother. We adopt an international comparative approach, and we study
nine European and North American countries for which comparative retrospective data

29
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on union and birth histories have been collected in Fertility and Family Surveys. The
only attempt in the literature to detect and predict sub-groups as potential targets of
speci�c policies using sequence analysisis from McVicar and Anyadike-Danes (2002).
They extracted some ideal-type trajectories with cluster analysis and tried to predict
cluster membership using several socio-economic variables through a logit model. Nev-
ertheless their method, applied to other data, performs quite poorly as far as forecasting
is concerned (see Chapter 1). We believe that the principal limitation of this method
is due to data loss following the grouping of sequences in clusters. The transformation
from a high dimensional structure into a one dimensional categorical variable presum-
ably does not capture enough information to make forecasting reliable. We propose
a transformation of the multidimensional sequence into a one dimension quantitative
variable (a distance variable), so that it remains easily predictable in a regression model,
while containing more information than cluster variable. The approach we adopt is to
de�ne a template, representing the long-term single mother pattern, i.e. a women who
has had children and has been single during the entire observation period (age 18-30).
Then we calculate the distance, transformed to the open unit interval (0,1), between
this template and the observed sequence for each woman in our sample. The bigger
the distance, the smaller the proximity to the single mother pattern. The distance
obtained was used as the dependent variable in a regression model to identify which
factors contribute to predict the proneness of being a long-term single mother.
Note that the method allows to utilize templates not in the sample and in our appli-
cation this is the case. This is particularly useful when the object in analysis concerns
not frequent events and the available datasets contain an insu�cient number of cases
to apply other statistical techniques.
The �rst aim of this work is to explain which background characteristics, that have
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been correlated with early pregnancy in literature, a�ect the distance from the prob-
lematic single mother trajectory. In order to do this we consider education level, cohort,
religiousness and family background.
There is an abundances of literature showing that education is a factor that increases
the motivation to control fertility. Jessor and Jessor (1977), Hanson, Myers and Gins-
burg (1987), Plotnick and Butler (1991), Plotnick (1992) and Tanfer, Cubbins and
Brewster (1992) found evidence that teenagers with positive attitudes toward school
and with high long run educational aspirations have lower propensity to premarital
childbearing, because they generally pursue long-term goals that make them more
careful contraceptive users and more oriented to abortion in case of unwanted preg-
nancy.
Belonging to a younger cohort should also have the e�ect of reducing the risk of sin-
gle childbearing due to increased availability of modern contraceptives, acceptance of
abortion and the growing participation of women in higher education and professional
activities.
Although most religions proscribe premarital intercourse and thus religious women may
have lower propensity to become pregnant before marriage (DeLamater, 1981; Thorn-
ton and Camburr, 1989), proscriptions against contraception and abortion have e�ects
in the opposite direction and thus religiousness is potentially a factor that increases
the propensity of premarital pregnancy (Plotnick, 1992; Tanfer et al.,1992).
Certain family background characteristics are known to inuence fertility and family
formation (Micheal and Tuma, 1985) and, in particular, premarital pregnancy and its
resolution (Ho�ert and Hayes, 1987; Miller and Moore, 1990). Several studies have
highlighted that a family background with a single mother or multiparental transitions
as a result of marital breakdown can lead to earlier initialization to sexual intercourse
and higher propensity of a teenage pregnancy in US (Capaldi, Crosby and Stoolmiller,
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1996; O'Connor, Thorpe, Dunn and Golding, 1999; Wu and Martinson, 1993; Wood-
ward, Fergusson and Horwood, 2001). Moreover Howard and Powell (2002) found,
using US data, that family structure inuences contraceptive decisions. Women raised
by both parents from birth to age 14 are likely to use more e�ective methods of con-
traception and for this reason are less exposed to the risk of an unwanted pregnancy.
The second aim of this work is to highlight the necessity of choosing an appropriate
metric as the starting point for successive analysis. We use di�erent metrics to obtain
distances and then we compare the results. We do not attempt to evaluate the metrics
as to their general appropriateness, but to select the most suitable metric with regard
to the subject of the analysis.
The remainder of this paper is organized as follows. Section 2 provides a brief descrip-
tion of the data and methods. In Section 3 we present our main results. In Section 4
we formulate conclusion and comments.
2.2 Data and methods
The next subsections describe the data, the independent variables in the model and
the methods we use for our analysis.
2.2.1 Data
Childbearing outside marriage is a life course event in which European states exhibit
a high heterogeneity (Kiernan, 1999), that is related to cultural and historical pat-
terns. We examine the childbearing outside of a stable union according to background
characteristics of the women in states characterized by di�erent historical traditions
and institutional frameworks: Italy, Spain, the Netherlands, Poland, Estonia, Sweden,
Finland, USA and Canada. The data for this analysis are from the Fertility and Family
Survey (FFS) described in detail in Chapter 1.
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The dependent variable is a transformation of the distance between each trajectory
in the sample and the template SC/145. Due to the presence of large distances in
a number of cases for the NMS distance, following the transformation to the inter-
val (0; 1), almost all the distances are close to 0. As a consequence, the results may
not be meaningful because of the absence of enough variance in the dependent vari-
able. For this reason the observations which lead to extreme distances were removed:
11 sequences for Netherlands (0.006 of the country sample), 4 sequences for Estonia
(0.006 of the country sample), 6 sequences for Sweden (0.005 of the country sample),
4 sequences for Finland (0.004 of the country sample), 52 sequences for USA (0.012 of
the country sample) and 6 sequences for Canada (0.002 of the country sample). The
removed individuals are characterized by particular and very complex sequences, for
the considerable number of transitions and/or of distinct states, and thus not strictly
connected with the phenomenon being studied.

2.2.2 Explanatory variables
The explanatory variables 1 included in the model are:
1. The level of education. Using level 1 as baseline category in the regression model the
other two levels are inserted in the analysis as two dummy variables (Educ2, Educ3)
2. Religiousness (Religion)
3. Parental divorce (Divorce)
4. Cohort (Cohort)
Table 2.1 gives the covariate and sample size in each country.

1For a detailed description of the covariates see Section 1.2
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COVARIATESCountry Educ Religion Divorce Cohort Sample size1 2 3 No Yes No Yes 53-57 58-62Sweden 0.11 0.19 0.70 - - 0.89 0.11 0.49 0.51 1316Finland 0.14 0.16 0.70 - - 0.94 0.06 0.73 0.27 1065USA 0.50 0.01 0.49 0.08 0.92 0.81 0.19 0.49 0.51 4186Canada - - - 0.02 0.98 0.94 0.06 0.54 0.46 2672Poland 0.08 0.28 0.64 0.01 0.99 0.97 0.03 0.59 0.41 1313Estonia 0.11 0.0.53 0.36 0.51 0.49 0.84 0.16 0.50 0.50 651Netherlands 0.09 0.37 0.53 0.37 0.63 0.93 0.07 0.48 0.52 1886Italy 0.32 0.17 0.51 0.08 0.92 0.98 0.02 0.50 0.50 1559Spain 0.48 0.20 0.32 0.17 0.83 0.98 0.02 0.47 0.53 1320

Table 2.1: Sample size for each category;Educ=1: no education after age 15Educ=2: 0-3 years of education after age 15Educ=3: 3+ years of education after age 15
2.2.3 Methods
We consider the propensity to become a teenage single mother as the inverse of the
distance between the sequence that represents the life course of a woman in the sample,
and a template which represents the teenage single mother pattern. Thus we de�ne the
template as the sequence Single with at least one child for 145 months, between the ages
18 to 30 (SC/145). We compute the distance d with three di�erent metrics described in
Chapter 1. In most studies on sequence analysis, the distance matrix is considered as a
given starting point, but the choice of the metric to measure the distance between two
sequences is not a trivial question and has consequences for the results. This is mainly
due to the fact that di�erent metrics can reverse the order of distances. In this paper
we therefore compare three di�erent metrics: Optimal Matching (OM), the metrics
based on the Length of the Longest Common Subsequence (LLCS) and the Number of
Matching Subsequence (NMS). We then transform the distance to unit interval [0,1],
by taking d0 = (d�m)=(M �m), where m and M are the minimum and the maximum
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distance in the sample. The beta regression and fractional logit models are suitable to
study the e�ect of the covariates on this limited dependent variable. From the shapes
of the empirical distance distributions, we conclude that the assumption of normally
distributed distance is not acceptable (see also Figure 2.2).
The beta regression model is directly related to an extended generalized linear models
framework for joint modeling means and dispersions described in McCullagh and Nelder
(1989, Ch. 10). It assumes that the dependent variable is distributed according to a
Beta distribution, which provides for a rich class of distance distributions (Figure 2.1
display several examples). Moreover it permits the modeling of both mean and variance,
including modeling heteroskedasticity, through a reparametrization of the distribution.
In the conventional parametrization

Figure 2.1: Beta densities for di�erent combinations of (�; �).

f(yj�; �) / y��1(y � 1)��1 (2.2.1)
with y 2 (0; 1) and �; � > 0. Both � and � are shape parameters. Unfortunately
shape parameters are di�cult to interpret in terms of conditional expectations and
thus a reparametrization corresponding to the Generalized Linear Model convention is
more practical and it can be obtained by setting � = ��+� and � = � + �:

f(yj�; �) / y���1(y � 1)(1��)��1 (2.2.2)
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with E(y) = � and V ar(y) = �(1��) 11+� (dispersion depends partially on location). Itis possible to model both the mean � and the "precision" parameter � with their own
distinct sets of predictors but in our model only the mean depends on the covariates,
while we presume � constant. Let y1; y2; :::; yn denote independent beta variables, withmean �i and unknown precision parameter � and let X be the matrix of covariates
(continuous and/or categorical), with xi being the i-th row vector of this matrix. There
are several possible choices for the link function for the mean. For a comparison of the
mean link functions see McCullagh and Nelder (1989). The most used link function
and the one with an easier interpretation of the parameters is the logit-transformation:

ln( �i1� �i ) = xib: (2.2.3)
Inverting the link function to give predicted values, the mean model may be written as

�i = exp(xib)1 + exp(xib) : (2.2.4)
Note that the intercept has been incorporated into the coe�cient vector. The log-
likelihood function based on a sample of n independent observations is

ln(L(b; �)) = nX
i=1 ln(Li(b; �)) (2.2.5)

where
lnLi(�i; �) = ln��� ln�(�i�)� ln�[(1��i)�]+ (�i��1)lnyi+[(1��i)��1]ln(1�yi)(2.2.6)
The maximum likelihood estimators of b and � are obtained by numerically maximizing
the log-likelihood function using a non-linear optimization algorithm.
One limitation of the beta regression is that boundary values, 0 and 1, must be ex-
cluded from the dependent variable. In order to avoid obtaining distances equal to 0
we choose a template with 145 statuses instead of 144 and thus it is impossible to have
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the 0 value. Following the approach suggested by Smithson and Verkuilen (2006), we
avoid 1 by taking a weighting average d00 = (d0(n � 1) + s)=n, where n is the sample
size and s 2 [0; 1] and usually it is set equal to 0.5.
Fractional logit has been proposed by Papke and Woldrige (1996) as an alternative
to beta regression models for models with a fractional dependent variable. Unlike beta
regression, it allows to handle data at extreme value of [0; 1]. It consists of a quasi-
likelihood estimation method for regression models y, 0 � y � 1. As in the previous
model, to explain the dependent variable y trough a vector of explanatory variables x,
we assume that the conditional expected value of y given x can be written as

E(yijxi) = G(xib) (2.2.7)
where G(�) satis�es 0 < G(z) < 1, 8z 2 R. We will use a logistic function for G.
The estimation procedure proposed is based on the Bernoulli quasi-likelihood method.
The quasi-maximum likelihood estimator of b is obtained by maximizing the Bernoulli
log-likelihood function

lnL(b) = nX
i=1 lnLi(b) (2.2.8)

where
lnLi(b) = yilnG(xib) + (1� yi)ln(1�G(xib)): (2.2.9)

2.3 Results and discussion
With both models, we analyse the impact of the four covariates (Education, Religion,
Divorce, Cohort) on the distance of each sequence in the sample to the template Single
with at least one child from the age of 18 (SC/145). Tables 2.2-2.10 display the results
of the estimation of country speci�c models, using LLCS, NMS, and OM 2 distances

2See Section 1.3 for the description of the metrics
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for the fractional logit model. Results from beta regression model are similar and we
omit them here for brevity. 3.

SWEDEN Fractional logitCOVARIATES LLCS NMS OMEduc 2 -0.104 0.062 0.387Educ 3 0.119 0.125 0.605Religion - - -Divorce -0.274 0.192 -0.418Cohort 0.022 0.187 0.165Constant 1.005 -2.960 0.407

Table 2.2: Fractional logit model-coe�cients for Sweden.Boldface indicates p-values lower than 0.05

FINLAND Fractional logitCOVARIATES LLCS NMS OMEduc 2 0.033 0.205 0.227Educ 3 0.030 -0.019 0.752Religion - - -Divorce -0.135 0.429 -0.093Cohort -0.012 0.169 0.010Constant 0.978 -3.120 0.651

Table 2.3: Fractional logit model-coe�cients for Finland.Boldface indicates p-values lower than 0.05

3For a comparison of the results of the two model see Appendix



39
USA Fractional logitCOVARIATES LLCS NMS OMEduc 2 0.357 -0.310 0.696Educ 3 0.333 -0.098 0.839Religion 0.005 -0.515 -0.303Divorce -0.114 0.242 -0.165Cohort 0.016 0.095 0.080Constant 0.546 -3.231 0.370

Table 2.4: Fractional logit model-coe�cients for USA.Boldface indicates p-values lower than 0.05

CANADA Fractional logitCOVARIATES LLCS NMS OMEduc 2 - - -Educ 3 - - -Religion -0.017 0.621 -0.076Divorce -0.175 0.069 -0.233Cohort -0.073 0.015 0.032Constant 1.106 -3.501 1.036

Table 2.5: Fractional logit model-coe�cients for Canada.Boldface indicates p-values lower than 0.05
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POLAND Fractional logitCOVARIATES LLCS NMS OMEduc 2 0.150 -0.018 -0.008Educ 3 0.079 -0.043 0.586Religion -0.162 0.071 -0.490Divorce 0.039 0.187 0.034Cohort 0.022 -0.049 0.066Constant 1.235 -1.803 0.139

Table 2.6: Fractional logit model-coe�cients for Poland.Boldface indicates p-values lower than 0.05
ESTONIA Fractional logitCOVARIATES LLCS NMS OMEduc 2 0.152 -0.737 0.178Educ 3 0.277 -1.083 0.458Religion -0.092 0.263 -0.039Divorce -0.365 0.319 -0.240Cohort -0.021 0.013 -0.037Constant 0.777 -2.138 0.371

Table 2.7: Fractional logit model-coe�cients for Estonia.Boldface indicates p-values lower than 0.05

The reader immediately notes that di�erent metrics lead to di�erent results. To un-
derstand the reason for these di�erences and to assess on which one is the preferable
distance, we �rst show the graphs for the three distances for the Netherlands (similar
graphs can be presented for the other countries) and discuss the causes of these di�er-
ences.
From Figure 2.2 one notes that the NMS distance cannot be seen as correctly pick-
ing up the distance we are studying because we chose a template describing a very
rare situation, while the NMS distance graph shows a completely di�erent scenario in
which most of the sequences seem to be very close to the template. The LLCS distance
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NETHERLANDS Fractional logitCOVARIATES LLCS NMS OMEduc 2 -0.077 0.114 0.269Educ 3 -0.032 0.107 0.981Religion 0.076 -0.113 -0.030Divorce -0.161 0.293 -0.255Cohort -0.062 0.165 0.235Constant 1.071 -2.960 0.657

Table 2.8: Fractional logit model-coe�cients for Sweden.Boldface indicates p-values lower than 0.05
ITALY Fractional logitCOVARIATES LLCS NMS OMEduc 2 -0.143 -0.030 0.657Educ 3 0.152 -0.111 1.228Religion 0.122 -0.069 -0.399Divorce -0.256 0.268 -0.112Cohort 0.122 -0.045 0.177Constant 1.058 -1.921 -0.190

Table 2.9: Fractional logit model-coe�cients for Italy.Boldface indicates p-values lower than 0.05

produces a more coherent graphic; and the most coherent is from the OM distance.
From some descriptive analyses (not shown) we veri�ed that the NMS distance is very
sensitive to the length of the sequence: distance between very long sequences and the
template are extremely big. So that the transformation d0 = (d�m)=(M �m) � d=M
rescales most distances close to zero. LLCS yields more homogeneous values. More-
over, SC is a status visited by very few individuals and this can be a limit to the way
in which both NMS and LLCS are obtained, bearing in mind that SC is the only
subsequence that the template can have in common with any other sequence. Another
reason why results of the NMS and LLCS distances are not coherent is because all
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SPAIN Fractional logitCOVARIATES LLCS NMS OMEduc 2 0.043 -0.041 0.260Educ 3 0.057 -0.008 0.686Religion 0.141 0.022 -0.046Divorce -0.228 0.182 -0.296Cohort 0.080 0.049 0.023Constant 0.957 -2.476 0.538

Table 2.10: Fractional logit model-coe�cients for Spain.Boldface indicates p-values lower than 0.05
statuses other than SC are all treated in the same manner. We believe that for ex-
ample, being in unmarried cohabitation with a child is closer to the status of single
mother with a child, than to the status of married without children and a distance
should consider this aspect. Looking at Figure 2.3, that shows the sequences ordered
according to the distance from the template SC/145, we note that only with OM we
have a rational order of sequences: the sequences with a "C" state and with a longer
permanence in this state are closer to SC/145. The NMS and LLCS distances are
probably not suitable in a template with only one status which occurs very rarely in
our sample. We believe that a template with more status options would generate more
meaningful values.
The distribution of the distance from SC/145 obtained with OM is coherent with what
we expected. Therefore, in order to understand how di�erent covariates e�ect the risk
of premarital motherhood we concentrate our attention on OM results (column 4 of
each table).
As already noted in literature, the estimates suggest that education inuences behav-
ior that a�ects single childbearing. All countries have statistically signi�cant positive
"Educ3"-coe�cients. This suggests that longer education, after the age of 18, com-
pared to no education after the age of 15, tends to increase the motivation to control
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Figure 2.2: Histograms of the distance from SC/145 template, computed with di�erentmetrics for the Netherlands.
fertility. "Educ2" has an impact in the same direction, but smaller, in all countries,
with the exception of Poland and Estonia where the coe�cient is not signi�cant.
Religiousness is negatively associated with the distance from the template SC/145 thus
this covariate seems to have the e�ect of increasing the propensity of teenage childbear-
ing. The "Religion" coe�cient has the same negative sign for each country, although
it is statistically signi�cant only for Italy, the Netherlands and USA. If we look at the
magnitude of this factor in the di�erent countries we note that only in Poland, Italy,
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Figure 2.3: Representation of individual sequences ordered according to the distancefrom the template SC/145. Time in months is on the vertical axis and the number ofsequences on the horizontal one (colors indicate di�erent statuses: red = S, orange =M, green = U, sky-blue = SC, violet = MC, pink = UC).
and USA, in which traditionally the inuence of the Catholic Church is strong, reli-
giosity has a substantial impact.
The family background characteristic has the expected inuence on the distance from
the template SC/145. Results suggest that having divorced or separated parents is a
signi�cant determinant in decreasing this distance. The "Divorce" coe�cient is nega-
tive for all countries, with the only exception of Poland, where probably the number
of "divorced cases" is insu�cient for a correct estimate of the parameter. The impact
of divorced or separated parents has a stronger and statistically signi�cant e�ect in
Sweden, Estonia, Canada, and USA.
The distance from the single mother template is signi�cantly related also to "Cohort".
The younger cohort seems to be less subject to the propensity of being a single mother.
Only in Estonia and Finland is there an e�ect in the opposite direction, but the coef-
�cient is not signi�cant and very close to zero. In all other countries the coe�cient is
positive, but signi�cant only in Italy, the Netherlands, Sweden and USA. Compared
to other factors, "Cohort" has the smallest inuence on the distance to the SC/145
template, while education has the strongest impact.



45
2.4 Concluding remarks
The focus of this chapter has been to investigate the e�ects of several individual and
family background characteristics on the distance from the teenage and long run single
mother pattern in nine European and North American countries. In order to do this, we
de�ned a template trajectory that describes the "risky mother", calculated the distance
between individual sequences and this trajectory. This distance was used as a depen-
dent variable in beta regression and in a fractional logit model. The evidence suggests
that education, religiosity, familiar instability, and cohort are signi�cantly related to
teenage premarital pregnancy. In particular, long run education enrollment and cohort
are negatively associated with the propensity to being a long run single mother. This is
not unexpected since younger cohort of women shows higher percentages participating
in education and prolonged education period. On the contrary, religiosity and parental
divorce are positively related to this propensity. Education has a signi�cant e�ect in
all countries and the strongest inuence. From a policy perspective, interventions to
encourage pursuit of higher levels of education could have a role in reducing the preva-
lence of teenage childbearing.
Looking at the level of magnitude and at the signi�cant factors (but not at the sign),
we �nd heterogeneous results in di�erent countries. National cultural aspects seem to
have an inuence in sexual, contraceptive, and abortion attitudes.
Our analysis also shows that di�erent metrics lead to relevant di�erences in the re-
sults. Often the importance of the choice of a metric is underestimated and metric is
considered as given. On the contrary, there is no external criterion to evaluate them
and thus it is impossible to establish a priori which metric is preferable with respect
to the others. Preliminary analysis about this choice is crucial to obtain meaningful
results. We show that the distant distribution obtained with OM is coherent with our
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data, while NMS and LLCS attributes are less suitable. The principal limitation of
NMS metric is that distances between very long sequences and the template are ex-
tremely big. Unfortunately, to prevent this problem it is not possible using normalized
distances because normalization leads to have so small values that the precision of the
resulting decimal representation is not su�cient and most of the values result equal to
zero. Both the metrics are a�ected by the fact that we have a template with only one
state, bearing in mind that SC is the only subsequence that the template can have in
common with any other sequence. A possible solution to these problems could be to
choose a template with several states but this choice would not be coherent with the
object of the analysis: young single mothers who remain permanently in this condition.
Moreover, both the metrics consider all statuses other than SC in the same manner,
but in a study like this it is reasonable to make di�erences among the states, e.g. to
consider SC closer to UC than to M. A more appropriate and useful attribute could
be:

A(s; s0) = nX
i=1 w(si; s0i) (2.4.1)

with w(si; s0i) = 1 if si = s0i and 0 � w(si; s0i) < 1 if si 6= s0i. It easy to show that if the
coe�cients w(si; s0i) are symmetric, d(s; s0) = A(s; s) +A(s0; s0)� 2A(s; s0) is a metric,
of which the Hamming distance is a special case.
These considerations, although very important, go beyond the scope of this chapter,
in which we wanted to propose regression methods to detect subgroups as potential
targets of speci�c policies and to draw the attention on the importance of the metric's
choice.
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2.5 Appendix
The results obtained with the di�erent regression models agree and they lead to the
same credible conclusions about which factors contribute to explain the distance from
the adolescent single mother pattern.

SWEDEN Fractional logit Beta regressionCOVARIATES LLCS NMS OM LLCS NMS OMEduc 2 -0.104 0.062 0.387 -0.161 0.037 0.314Educ 3 0.119 0.125 0.605 -0.160 0.032 0.487Religion - - - - - -Divorce -0.274 0.192 -0.418 -0.318 0.014 -0.280Cohort 0.022 0.187 0.165 -0.014 0.046 0.136Constant 1.005 -2.960 0.407 1.130 -2.541 0.531

Table 2.11: Fractional logit and beta regression model-coe�cients for Sweden.Boldface indicates p-values lower than 0.05

FINLAND Fractional logit Beta regressionCOVARIATES LLCS NMS OM LLCS NMS OMEduc 2 0.033 0.205 0.227 0.069 0.070 0.233Educ 3 0.030 -0.019 0.752 0.070 -0.013 0.614Religion - - - - - -Divorce -0.135 0.429 -0.093 0.097 0.092 0.064Cohort -0.012 0.169 0.010 -0.021 0.052 0.027Constant 0.978 -3.120 0.651 1.008 -2.762 0.746

Table 2.12: Fractional logit and beta regression model-coe�cients for Finland.Boldface indicates p-values lower than 0.05
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USA Fractional logit Beta regressionCOVARIATES LLCS NMS OM LLCS NMS OMEduc 2 0.357 -0.310 0.696 -0.056 0.105 0.437Educ 3 0.333 -0.098 0.839 0.339 -0.050 0.625Religion 0.005 -0.515 -0.303 0.012 -0.141 -0.244Divorce -0.114 0.242 -0.165 -0.128 0.107 -0.084Cohort 0.016 0.095 0.080 0.064 0.020 0.036Constant 0.546 -3.231 0.370 0.438 -3.304 0.489

Table 2.13: Fractional logit and beta regression model-coe�cients for USA.Boldface indicates p-values lower than 0.05

CANADA Fractional logit Beta regressionCOVARIATES LLCS NMS OM LLCS NMS OMEduc 2 - - - - - -Educ 3 - - - - - -Religion -0.017 0.621 -0.076 -0.394 0.320 -0.244Divorce -0.175 0.069 -0.233 -0.049 0.027 -0.077Cohort -0.073 0.015 0.032 -0.030 0.004 0.041Constant 1.106 -3.501 1.036 1.436 -3.110 0.925

Table 2.14: Fractional logit and beta regression model-coe�cients for Canada.Boldface indicates p-values lower than 0.05
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POLAND Fractional logit Beta regressionCOVARIATES LLCS NMS OM LLCS NMS OMEduc 2 0.150 -0.018 -0.008 0.090 -0.035 0.019Educ 3 0.079 -0.043 0.586 0.029 0.056 0.542Religion -0.162 0.071 -0.490 -0.183 0.039 -0.399Divorce 0.039 0.187 0.034 -0.194 0.166 0.091Cohort 0.022 -0.049 0.066 0.058 -0.058 0.070Constant 1.235 -1.803 0.139 1.161 -1.794 0.141

Table 2.15: Fractional logit and beta regression model-coe�cients for Poland.Boldface indicates p-values lower than 0.05
ESTONIA Fractional logit Beta regressionCOVARIATES LLCS NMS OM LLCS NMS OMEduc 2 0.152 -0.737 0.178 0.184 -0.384 0.149Educ 3 0.277 -1.083 0.458 0.338 -0.437 0.393Religion -0.092 0.263 -0.039 -0.062 0.055 -0.002Divorce -0.365 0.319 -0.240 -0.407 0.146 -0.246Cohort -0.021 0.013 -0.037 -0.041 -0.015 -0.044Constant 0.777 -2.138 0.371 0.747 2.060 0.442

Table 2.16: Fractional logit and beta regression model-coe�cients for Estonia.Boldface indicates p-values lower than 0.05
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NETHERLANDS Fractional logit Beta regressionCOVARIATES LLCS NMS OM LLCS NMS OMEduc 2 -0.077 0.114 0.269 -0.070 0.045 0.231Educ 3 -0.032 0.107 0.981 0.065 0.012 0.693Religion 0.076 -0.113 -0.030 0.067 -0.065 -0.101Divorce -0.161 0.293 -0.255 -0.078 0.160 0.118Cohort -0.062 0.165 0.235 -0.162 0.118 0.168Constant 1.071 -2.960 0.657 1.130 -2.541 0.934

Table 2.17: Fractional logit and beta regression model-coe�cients for Sweden.Boldface indicates p-values lower than 0.05

ITALY Fractional logit Beta regressionCOVARIATES LLCS NMS OM LLCS NMS OMEduc 2 -0.143 -0.030 0.657 -0.059 -0.035 0.576Educ 3 0.152 -0.111 1.228 0.335 0.116 0.998Religion 0.122 -0.069 -0.399 0.139 0.068 -0.271Divorce -0.256 0.268 -0.112 0.192 -0.152 -0.112Cohort 0.122 -0.045 0.177 0.172 0.048 0.177Constant 1.058 -1.921 -0.190 0.940 -1.866 0.169
Table 2.18: Fractional logit and beta regression model-coe�cients for Italy.Boldface indicates p-values lower than 0.05

SPAIN Fractional logit Beta regressionCOVARIATES LCS NMS OM LCS NMS OMEduc 2 0.043 -0.041 0.260 0.163 -0.033 0.295Educ 3 0.057 -0.008 0.686 0.274 -0.044 0.601Religion 0.141 0.022 -0.046 0.021 0.058 -0.105Divorce -0.228 0.182 -0.296 -0.148 0.033 -0.184Cohort 0.080 0.049 0.023 0.059 0.028 0.049Constant 0.957 -2.476 0.538 1.041 -2.397 0.632

Table 2.19: Fractional logit and beta regression model-coe�cients for Spain.Boldface indicates p-values lower than 0.05



Chapter 3
Analysis of dispersion (ANODI)
with permutation test

3.1 Introduction
The description of life courses has attracted increasing interest in the literature. There
are a variety of methodological approaches to the analysis of sequences. Most at-
tention in literature has been devoted to �nding and e�ciently describing common
patterns among sequences. However, few results were obtained to interpret underly-
ing factors driving demographic behaviour. One of the principal contributions is that
of McVicar and Anyadike-Danes (2002), who suggested to use clusters obtained with
Optimal Matching as the dependent variable in a multinomial logit model. The aim
is to explain cluster membership as a function of a set of socio-economic variables.
One of the drawbacks of that method is the excessive information loss in the clusters'
membership: only a fraction of the relationship between the explicative structure and
the transformed simpli�ed data can be explained. Moreover, clusters contain only a
fraction of the information present in the full sequence data. We propose a method
that, following the same logic of the multivariate Analysis of variance (ANOVA), al-
lows the evaluation of the e�ect of one factor on sequence distance. The criterion may
also be used to build a parsimonious model explaining the relationship between the
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sequences and the explanatory variables. The advantage compared to a multinomial
model applied to clusters is that we infer the relationship between the sequences and
the explanatory structure not from possibly overly simpli�ed data, i.e. clusters, but
from the distance matrix which contains more information on the original sequences
structure.
The proposed technique is applied to the Dutch Fertility and Family Surveys (FFS)
dataset. The distances between sequences are calculated using the NMS metric pro-
posed by Elzinga (2003, 2005), and described in Chapter 1. This metric depends on the
number of common subsequences of a pair of sequences, weighted by the frequency of
the occurrence of these subsequences in both sequences. Of course, these distances can-
not be seen as Euclidean distances calculated on the basis of iid normally distributed
variables, as in the traditional ANOVA setting.
To evaluate the relationship between distances and the socio-demographic variables,
we adapt the (multivariate) ANOVA approach to our sequence context or, better, to
the situation when the unique information about the response variable of interest is
synthesized in a dissimilarity matrix. Permutation tests are used to evaluate the sig-
ni�cance of an e�ect. Besides this "marginal" analysis, i.e., besides the evaluation of
the signi�cance of each factor on sequences, we also evaluate partial e�ects, i.e., the
signi�cance of one e�ect given that other e�ects are taken into account. On the basis
of these measures we can introduce a model building procedure, aiming at selecting
the most relevant factors describing the observed life courses.
The chapter is organized as follows. In Section 2 we introduce and describe the Anal-
ysis of Dispersion. The adequacy of the method is evaluated via simulation studies in
Section 3. Section 4 is devoted to the presentation of the selection model procedure.
In Section 5 we apply the proposed method to FFS data. Section 6 summarizes the
main �ndings.
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3.2 Analysis of dispersion and permutation test
Analysis of variance aims at evaluating the impact of a qualitative variable X on a nor-
mally distributed variable Y . As mentioned above, the traditional ANOVA approach
can not be used to analyze our FFS data. Nevertheless, as it will be illustrated later,
the quantities at the basis of the classical ANOVA approach can be rewritten in terms
of distances between couples of cases. Hence, ANOVA can be easily extended to the
context under analysis. To evaluate the signi�cance of the statistics, i.e. to test the
hypothesis of null e�ect, we refer to permutation tests. With a permutation test we
obtain the reference distribution of the test statistic in question �rst by rearranging
the observations of the variable we are analysing, then by calculating the value of this
test statistic for the rearranged (permutated) sample, and repeating this procedure
many times (e.g. 5000 times). For a detailed review of permutation tests and of their
property, see Pesarin (2001). The procedure can be described as follows:

1. choose a statistic that reects ANOVA logic, in terms of dispersion and not
variance, to measure the e�ect of one factor on the dispersion;

2. obtain the sampling distribution of the statistic under the null hypothesis of no
e�ect;

3. evaluate the p-value of the observed statistic under the null hypothesis.
For the �rst step, we exploit the fact that in ANOVA there exists a correspondence
between variance and distances, i.e. the variation within groups is proportional to the
Euclidean distance within groups.
Before proceeding further, we briey recall the main ANOVA concepts which are strictly
connected to the statistic we will introduce (see e.g. Jobson, 1992). Given the g groups
induced by one factor X, we denote by yij the i-th observation on Y taken in group
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j where i = 1; 2; :::; nj and j = 1; 2; :::; g. The total variation in Y over the sample,
(TSS or the total sum of squares), is described by TSS =Pgj=1Pnji=1(yij � �y��)2. Thesample means for the g groups are denoted by �y�1; �y�2; :::; �y�g where �y�j = Pnji=1 yij=nj.The mean of all n observations is the grand mean �y�� = Pgj=1Pnji=1 yij=n. The to-
tal variation within the g groups (the within groups sum of squares) is given by
WSS =Pgj=1Pnji=1(yij � �y�j)2, while the variation explained by the �tted model (the
between groups sum of squares) is given by BSS =Pgj=1Pnji=1(�y�j� �y��)2. The variancedue to the di�erences within individual samples is the within group variation divided
by its degrees of freedom, WSS=(n � g) and the variance due to the interaction be-
tween the samples is the between group variation divided by its degrees of freedom,
BSS=(g � 1). The F test statistic is de�ned as F = BSS=(g�1)WSS=(n�g) .It is known that WSS is proportional to the Euclidean squared distance among obser-
vations within all groups: WSS /Pgj=1Pnji=1Pnjh=1(yij�yhj)2 and on this property webase our test. Following the de�nitions of the total dispersion and the dispersion within
groups proposed in Piccarreta and Billari (2007), we setWD =Pgj=1Pnji=1Pnjh=1(dNMS(i; h))2,
TD = Pni=1Pnh=1(dNMS(i; h))2 and BD = TD � WD. Therefore we utilize the ratio
T = BD=WD as the test statistic of the Analysis of Dispersion. As concerns the cal-
culation of the p-value, we notice that T = BD=WD is equivalent to BD=(g�1)Wd=(n�g) , since as(n� g)=(g � 1) is a constant multiplier over all the data permutations with respect to
the test statistic value and therefore it has no e�ect on the p-value.
In general, this test is realized by a simulation of the testing problem conditional on the
observed distance data set D, that is, by a without-replacement resampling procedure.
Essentially the method operates according to the following steps:

1. calculate for the given data set D, the test statistic T : T0 = T (D);
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2. consider a random attribution of the order of the observations, obtaining a per-

muted data set D�;
3. calculate Ts = T (D�);
4. repeat steps 2 and 3 for a total of K times.

The K permutation sets D� are a random sample from the permutation sample space.
Thus, theK corresponding values of Ts simulate the null permutation distribution of T .Therefore, they permit the statistical estimation of the permutation c.d.f. F (djD) and
the signi�cance level function L(zjD) = Pr(T0 � zjD) respectively by the empirical
distribution function F̂K(z) = #(Ts � z)=K and by L̂�K(z) = #(Ts � z)=K, 8z 2 R.
In practice, the estimated p-value corresponding to the signi�cance level evaluated on
the observed value T0 is given by � = L̂�K(T0) = #(Ts � T0)=K. If � � �, we may
conclude that the data disagree with H0.This procedure, although employing only a sample of the possible data permutations,
is appropriate because it respects the validity criterion for randomization tests (Edg-
ington, 2007): "a statistical testing procedure is valid if, under the null hypothesis,
the probability of a p-value as small as p is no greater than p, for any p". However,
if H0 is false and there is an actual factor e�ect, it could be less powerful than using
all the possible data permutations because of an increased discreteness in the reference
set and a larger minimum p-value. Increasing the number of data permutations makes
the di�erence in power less inuential.
3.3 Simulation study
We perform a limited simulation study to assess the e�cacy of the method under a
variety of conditions. The data is generated by a model similar to that implemented
in Chapter 4. In particular, in the simulated data we examine:
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1. how our method captures the presence of structure;
2. how the performance varies with the number of the groups g of X;
3. how the performances varies with the probability of belonging to each group.

For each trial in each simulation, we generate 1000 sequences, which reproduce se-
quences of length similar to those of FFS data, with a parametric model in which the
transition probabilities and the duration distribution between subsequent transitions
from state to state depend on a covariate through the logit model. They represent
the sequences with structure. We compare the results obtained using a sample of 1000
sequences with structure with those from a sample of 1000 sequences without struc-
ture, i.e. in which the distance between sequences has a random relationship with the
covariate. For each simulation 1000 trials are performed.
We assume that fSk; k = 1; :::; r+1g indicate the states that the individual experiences,
in the order in which they have been visited, and fTk; k = 1; :::; r + 1g be the corre-
sponding times spent in the r+1 states. Let X denote the matrix of the covariate. The
dimension of the matrix depends on the number of groups g. Using the �rst category
as the baseline, the other g�1 groups are converted into g�1 dummy variables. Since
we incorporate the intercept in the model the number of columns is equal to g.
We assume that Tk follows a geometric distribution with parameter p that depends on
the covariate X through the logit link:

p(X) = exp(�0X)1 + exp(�0X) (3.3.1)
We de�ne the transition probabilities between from state ik to state jk at the k-th
transition, depending on covariates, by:

Pijk = Pr(Sk = jjSk�1 = i;X) (3.3.2)
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where i; j = f1; :::; Jg and k = 1; :::; K, with K representing the maximum number of
possible transitions, J the total number of states, and Piik = 0, 8i, 8k. The transition
probabilities can be modeled through generalized logits. Using the g-th category as a
reference, the logits can be parametrized as

Pijk = exp(0ijX)1 +Ph=f1;:::;g�1g�fig exp(0ihX) (3.3.3)
with j = f1; :::; g � 1g � fig and

Pigk = 11 +Ph=f1;:::;g�1g�fig(exp(0ihX)) : (3.3.4)
To generate the covariate we utilize a discrete distribution

p(X = k) =
8>>>>>>>><
>>>>>>>>:

1 prob = p1
: :
: : k = 1; :::; g
: :
g prob = pg

(3.3.5)

It is a simpli�ed (the covariate is not time-varying) version of the model presented
in Chapter 4. For all simulations, in the transition submodel we keep the intercept
coe�cients constant and equal to 1 and the transition coe�cients equal to -2 for all
possible transitions and dummy-covariates, i.e. 0ij = 1 lij = �2, with i = 1; :::; 6,
j = 1; :::; 4 and l = 1; :::; g�1. Taking into account that we have six distinct states and
the sixth is the reference state, the transition matrices of an individual with X = 0
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and X = 1 are respectively:

Pij =

8>>>>>>>>>>>>>><
>>>>>>>>>>>>>>:

State I II III IV V V I
I 0:0 0:23 0:23 0:23 0:23 0:08
II 0:23 0:0 0:23 0:23 0:23 0:08
III 0:23 0:23 0:0 0:23 0:23 0:08
IV 0:23 0:23 0:23 0:0 0:23 0:08
V 0:23 0:23 0:23 0:23 0:0 0:08
V I 0:23 0:23 0:23 0:23 0:08 0:0

9>>>>>>>>>>>>>>=
>>>>>>>>>>>>>>;

(3.3.6)

Pij =

8>>>>>>>>>>>>>><
>>>>>>>>>>>>>>:

State I II III IV V V I
I 0:0 0:15 0:15 0:15 0:15 0:4
II 0:15 0:0 0:15 0:15 0:15 0:4
III 0:15 0:15 0:0 0:15 0:15 0:4
IV 0:15 0:15 0:15 0:0 0:15 0:4
V 0:15 0:15 0:15 0:15 0:0 0:4
V I 0:15 0:15 0:15 0:15 0:4 0:0

9>>>>>>>>>>>>>>=
>>>>>>>>>>>>>>;

(3.3.7)

Note that the rows of the transition matrix are conditional probabilities that must
add to 1. In the duration submodel, we set the coe�cients equal to � = (�4; 1),
� = (�4; 0:5; 1), � = (�4; 0:4; 0:7; 0:9), � = (�4; 0:4; 0:7; 0:9; 1:1), respectively for
the models in which the covariate groups are 2, 3, 4, 5. Starting from the distance
matrix, DNMS, we calculate the value of the test statistic T0 = BD=WD. We achieve a
permutation sample, by assigning at random each individual to a value of the covariate,
while keeping the dissimilarity matrix unchanged. In this way, we are assigning X at
random and consequently we are considering the situation in which X has no e�ect
on sequences and thus on dissimilarities. Then, we compute the statistical test T on
the permuted sample. At this stage, we repeat the permutation 2000 times, and thus
estimate the permutation distribution of T . The p-value is the proportion of those 2000
data permutations with a value of T larger than the value for the experimental result
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T0.To verify that ANODI correctly captures the structure in the data, we compare the
results obtained from a sample of sequences with structure with the results obtained
from a sample of sequences in which the sequences structure has no relationship with
the covariate.
LetX be a binary covariate, generated from a Bernoulli distribution with parameter 0.4.
For each trial, we generate a sample of 1000 sequences with the logit-model approach
presented above, we obtain the distance matrix, D, and we compute the statistic value
T0 = T (D). We obtain the null permutation distribution of T using the values of Tscalculated on 2000 permutated data sets of the distance matrix. The p-value is the
proportion of permutations with a value of T larger than T0.We then consider a permutation sample D�, in which by de�nition there is no structure,
as the distance matrix of sequences in the case of no relationship with the covariate
and obtain the relative p-value as the proportion of permutated samples with a value
of T larger than T (D�). We replicate this whole procedure for 1000 times.
We can now compare the p-values obtained from the sequences with structure with
the p-values obtained from the sequences without structure. Figure 3.1 shows the
histograms of the obtained p-values. Our results provide interesting evidence of the
e�ectiveness of the method: all the trials from structured sequences report a p-value
equal to 0 (reject H0), while from unstructured data we register di�erent values in the
interval [0,1], consistent with the absence of relationship (recall that the p-value follows
a Uniform [0,1] distribution under H0).In the second part of the simulations, we explore how the number of groups of the
covariate inuences the performance of the method. We generated a covariate with
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Figure 3.1: Histograms of the p-values obtained with ANODI test with "structured"and "unstructured" sequences, for 1000 trials based on 2000 permutated samples.
three, four and �ve groups from the following discrete distributions, respectively:

X3 =
8>>><
>>>:

1 prob = 0:42 prob = 0:33 prob = 0:3 (3.3.8)

X4 =
8>>>>><
>>>>>:

1 prob = 0:42 prob = 0:23 prob = 0:24 prob = 0:2
(3.3.9)
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X5 =
8>>>>>>>><
>>>>>>>>:

1 prob = 0:42 prob = 0:153 prob = 0:154 prob = 0:155 prob = 0:15
(3.3.10)

For all covariates, group 1 is taken as the reference level and the other groups are
indicated by dummy variables. As in the previous simulation, we compare the his-
togram of the p-values obtained in 1000 trials of the ANODI test on the set of 1000
sequences we generated in a manner that they have a signi�cant relationship with the
covariate with the histogram of the p-values of the set of 1000 sequences with a chance
relationship with the covariate. Figure 3.2 plots the histograms for the covariate with
3, 4 and 5 groups. As can be observed, when the number of groups vary from 3 to 5,
the test achieves the expected results: the p-values from structured data are all equal
to 0 (reject H0) for all the trials, while the p-values with unstructured data are rather
uniformly distributed in the interval [0, 1]. This means that the test is able to recog-
nize correctly the presence of structure in the data and the variation of the number of
groups does not a�ect the performance of the test.
In the third part of the simulation studies we evaluate the e�ect of the size of the two
groups in a binary covariate, varying the probability of belonging to each group. To
this extent we generate three Bernoulli variables with parameter 0.5, 0.25 and 0.05.
As above, we compare the results from structured and unstructured data, which are
shown in Figure 3.3.
A complete simulation study of the power of approach being proposed is beyond the
scope of this work. However the results suggest that the ANODI test is able to deter-
mine whether a given factor has a signi�cant e�ect on the distance between sequences,
also with very unbalanced group sizes.
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Figure 3.2: Histograms of the p-values obtained in 1000 trials with ANODI test basedon 2000 permutated samples from "structured" and "unstructured" sequences whenthe number of groups of the covariate is 3, 4, and 5.

3.4 Model selection and permutation test

When several explanatory variables are available, the set of possible models becomes
large, giving rise to a model selection problem. The selection process of the best model
takes into account the usual two competing goals: the model should be complex enough
to �t the data well but it should also be simple to interpret, smoothing rather than
over�tting the data. In the ANOVA setting, F tests are used to compare two nested



63

Figure 3.3: Histograms of the p-values obtained in 1000 trials with ANODI test based on2000 permutated samples from "structured" and "unstructured" sequences for di�erentprobabilities of belonging to the two groups of the covariate: P=(0.5, 0.5), P=(0.75,0.25) and P=(0.95, 0.05).
models with k and k � 1 explanatory variables, with the statistic F given by:

F = BSSk �BSSk�1WSSk=(n� k) ; (3.4.1)
where BSSk and BSSk�1 indicate the between groups sum of squares with k and k�1
regressors in the model, andWSSk the within groups sum of squares with k regressors.
Following the sum of squares idea we provide a statistic F � which evaluates the reduc-
tion in the explanatory capability of the model when a certain variable j is removed. As
in the usual backward elimination procedure, we start with a full model and eliminate
the variables one by one from the model. At each step, the variable with the smallest
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contribution to the model is tested and if its contribution results not signi�cant it is
deleted. 1
As described in Section 2, we use a permutation procedure which operates according
to the following steps:

1. calculate the observed value F �0 = (BDk �BDk�j)=WDk on the given data set D;
2. consider a random attribution of the order of the observation of the variable j,

obtaining a permuted data set D� and new values for BDk and WDk;
3. calculate F � = F �(D�);
4. repeat steps 2 and 3 K times (K=2000).

We reject the hypothesis H0 (the removed regressor is not signi�cant) if the proportion
of F � permutation statistics larger than F �0 is lower than �.
By comparing the nested models, we can measure to which extent removing the tested
independent variable reduces the predictability of the dependent variable. Thus our
statistic is analogous to R2 for the linear model.
3.5 ANODI of the FFS data
We now apply ANODI to Dutch Fertility and Family Survey (FFS) data. The ret-
rospective histories of 1897 women between the age of 18 to 30 about childbearing
and union formation were collected on a monthly time scale. We use some additional
informations on some individual and family characteristics: level of education, religion
belief, parental divorce and birth cohort. 2The sample sizes for each category are shown

1It would be quite easy to obtain a forward selection procedure, but following Agresti (2002) webelieve that it is "safer to delete terms from an overly complex model than to add terms to an overlysimple one. Forward selection can stop prematurely because a particularly test in the sequence haslow power".
2For the description of the data and FFS see Section 1.2
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Covariates No. categories �rst category size second category size third category sizeEduc 3 n1 = 181(10%) n2 = 706(37%) n3 = 1010(53%)Religion 2 n0 = 707(37%) n1 = 1190(63%) -Divorce 2 n0 = 1758(93%) n1 = 139(7%) -Cohort 2 n1 = 915(48%) n2 = 982(52%) -

Table 3.1: Sample size of the covariates for Dutch FFS data.
Covariate p-value T0 (min(T �),max(T �))Educ 0 1.365 (1.295,1.352)Religion 0 0.967 (0.863,0.899)Divorce 0 0.183 (0.143,0.169)Cohort 0 1.024 (0.997,1.006)

Table 3.2: Summary table for ANODI-permutation test on Dutch FFS data.(T0: the value of the statistic T for the original distance matrix(min(T �),max(T �)): the minimum and the maximum values of the statistic T for thepermutated distance matrices, T �).
in Table 3.1.
We apply ANODI to each covariate in order to examine how the distances between

cases and hence, the sequences are related to the level of education, religiousness,
parental divorce and cohort. The p-values for each covariate are shown in Table 3.2.
The table contains also the value of the statistic T for the observed distance matrix,
T0, and the minimum and the maximum values of the statistic for the permutated dis-
tance matrices, Ts. Figures 3.4-3.7 show the permutation distribution of the statistic
T for each covariate based on 5000 permuted samples. The dashed vertical line marks
the observed value T0. Its location beyond the right tail shows that such a value is
very unlikely to occur when the null hypothesis is true and thus that the e�ect of the
covariate is signi�cant.

Evidence suggests that all the covariates we consider a�ect the process of family
formation in the Netherlands. We can graphically inspect the e�ect of the covariates,
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Figure 3.4: Permutation distribution of the statistic T = BD=WD based on the cat-egories of "Educ"-covariate of Dutch FFS data. The dashed vertical line marks theobserved value of the statistic, T0.

Figure 3.5: Permutation distribution of the statistic T = BD=WD based on categoriesof "Religion"-covariate of Dutch FFS data. The dashed vertical line marks the observedvalue of the statistic, T0.
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Figure 3.6: Permutation distribution of the statistic T = BD=WD based on categoriesof "Divorce"-covariate of Dutch FFS data. The dashed vertical line marks the observedvalue of the statistic, T0.

Figure 3.7: Permutation distribution of the statistic T = BD=WD based on categoriesof "Cohort"-covariate of Dutch FFS data. The dashed vertical line marks the observedvalue of the statistic, T0.
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displaying the sequences after sorting them by the �rst multidimensional scaling coor-
dinate. On the horizontal axis we place the rank of individuals, while time in months
is on the vertical axis. Each state of the sequences is indicated by a speci�c color:
red = S, orange = M, green = U, sky-blue = SC, violet = MC, pink = UC. We use
this representation for each group of each variable of the explanatory structure. The
comparison of the groups' representations allows the graphical inspection of the di�er-
ences in sequences in such groups. In order to deal with the fact that the sizes of the
groups are often very di�erent, we scale the width of the sequences so as to have the
same overall span in the horizontal axis. This allows for a better appreciation of the
di�erence and the similarities in the groups. For the parental divorced group we double
the width of the sequences because it would be too small to have a clear representation.
Figures 3.8-3.11 show the results, which con�rm the results of ANODI test. Several

di�erences appear as long as groups induced by variables are concerned.

� Educ: an increase of the level of education leads to a reduction of the frequency
and the duration of the state MC, to an increase of the frequency of the state U
and to an increase of individuals who experiences the state S for all the obser-
vation period (S/144). These e�ects are particularly evident in the third level of
education, while the �rst two levels appear more homogeneous.

� Religion: among religious women we notice an increase of the frequency and the
duration of the states MC and M, and a reduction of the state U.

� Divorce: parental divorce leads to have a strong reduction of the frequency and
the duration of the state M, a strong increase of the proportion of more complex
sequences and a mild increase of the state U.
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Figure 3.8: Representation of individual sequences of states, separated in education' slevel groups, using MDS components ordering. Time in months is on the vertical axisand the rank of sequences on the horizontal one (colors indicate di�erent statuses: red= S, orange = M, green = U, sky-blue = SC, violet = MC, pink = UC.)
� Cohort: the younger cohort is less inclined to experience the state MC but more
inclined to the state U. Moreover sequences S/144 are more common in this group.

In the previous part of this work, we noted that the �rst two groups induced by
the variable "Educ" are quite homogeneous. Before proceeding to model selection, we
want to understand whether the division into three groups is reasonable or whether it
is preferable to merge the �rst two groups to reduce the number of groups induced by
the covariates in the models. In presence of very small groups, such as those induced
by divorce, reducing the number of levels of the regressors can help. In order to do
this, we apply the ANODI test considering only the part of the distance matrix that
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Figure 3.9: Representation of individual sequences of states, separated in religiousand not religious women, using MDS components ordering. Time in months is on thevertical axis and the rank of sequences on the horizontal one (colors indicate di�erentstatuses: red = S, orange = M, green = U, sky-blue = SC, violet = MC, pink = UC).
concerns these two groups. In this way we test the hypothesis that the two groups are
signi�cant to explain the distance between sequences. The result is a p-value equal to
0.33 from which we conclude that the two groups can indeed be merged. As a conse-
quence we use a binary variable for the level of education that distinguishes between
women who complete their education before the age of 18 and those who continue to
study after that age. The other variables included in the complete model are the same
seen above: Religion, Divorce and Cohort.
All the variables are included in the �rst model. At each step of the selection pro-
cedure, each variable is tested for elimination. The p-values of all variables are thus



71

Figure 3.10: Representation of individual sequences of states, separated in groups withor without parents divorced, using MDS components ordering. Time in months ison the vertical axis and the rank of sequences on the horizontal one (colors indicatedi�erent statuses: red = S, orange = M, green = U, sky-blue = SC, violet = MC, pink= UC).
calculated, and the variable with the highest (not signi�cant) p-value is removed. The
process stops when the p-values corresponding to all the remaining variables are less
than 0.05 (other thresholds are possible). Table 3.3 details the process used to arrive
at the �nal model through the evaluation of the partial e�ects. Based on our analysis
results we conclude that the e�ects of the covariates "Cohort" and "Divorce" are not
signi�cant for the determination of the di�erences between sequences, once the others
factors "Educ" and "Religion" are controlled for. The method does not provide a qual-
itative evaluation of the e�ect of the covariates, but some indications can be obtained
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Complete modelCOVARIATE F �0 (min(F �),max(F �)) p-valueEduc 1.014 (0.969 1.008) 0Religion 0.909 (0.845, 0.909) 0Divorce 0.155 (0.138, 0.177) 0.64Cohort 0.996 (0.974,1.009) 0.82mod.1: cohort removedCOVARIATE F �0 (min(F �),max(F �)) p-valueEduc 1.044 (0.973 1.005) 0Religion 0.923 (0.852 0.910) 0Divorce 0.157 (0.140 0.176) 0.55mod.2: divorce removedCOVARIATE F �0 (min(F �),max(F �)) p-valueEduc 1.045 (0.978 1.001) 0Religion 0.967 (0.855 0.902) 0
Table 3.3: Selection procedure based on partial e�ects. Variable are:Education: education after the age 18 (omitted category: education up to the age 18).Religion: religiousness (omitted category: not religious).Divorce: parental divorce (omitted category: no parents divorced).Cohort: birth cohort 1958-1962 (omitted category: cohort 1953-1957).
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Figure 3.11: Representation of individual sequences of states, separated for cohortbirth, using MDS components ordering. Time in months is on the vertical axis andthe rank of sequences on the horizontal one (colors indicate di�erent statuses: red =S, orange = M, green = U, sky-blue = SC, violet = MC, pink = UC).

from the graphic analysis described above. We check the e�ect of the elimination of the
tested variable from the model by comparing the representation of the sequence groups
induced by the variables in the more complete model with that in the model without
the tested variable. In this way we can graphically notice if the further partition leads
to a signi�cant change in the structure of the sequences. We exclude from this anal-
ysis the variable "Divorce" because the representations obtained with the "parental
divorced" group were di�cult to interpret due to their reduced sizes. Figures 3.12-3.14
show the graphic representation of the model selection procedure. From Figure 3.11
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Figure 3.12: Representation of individual sequences of states, separated in groupsinduced by "Educ" and "Religion" (column 1) and by "Educ", "Religion" and "Cohort"(columns 2-3), using MDS components ordering. Time in months is on the vertical axisand the rank of sequences on the horizontal one (colors indicate di�erent statuses: red= S, orange = M, green = U, sky-blue = SC, violet = MC, pink = UC).
one can notice that once the level of education and the religiousness e�ects are con-
trolled for, the further partition in cohort groups does not lead to signi�cant di�erences
in the sequence structure. On the contrary, Figures 3.12 and 3.13 demonstrate that
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Figure 3.13: Representation of individual sequences of states, separated in groupsinduced by "Religion" (column 1) and by "Religion" and "Educ" (columns 2-3), usingMDS components ordering. Time in months is on the vertical axis and the rank ofsequences on the horizontal one (colors indicate di�erent statuses: red = S, orange =M, green = U, sky-blue = SC, violet = MC, pink = UC).

some di�erences appear as long as groups induced by variables "Educ" and "Religion"
are concerned. The more educated women favor the cohabitation while religious ones
favor marriage with children. Therefore results of model selection are con�rmed by this
graphical analysis.
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Figure 3.14: Representation of individual sequences of states, separated in groupsinduced by "Educ" (column 1) and by "Educ" and "Religion" (columns 2-3), usingMDS components ordering. Time in months is on the vertical axis and the rank ofsequences on the horizontal one (colors indicate di�erent statuses: red = S, orange =M, green = U, sky-blue = SC, violet = MC, pink = UC).
3.6 Conclusions
In this chapter we have introduced an analysis of dispersion (ANODI) approach that
allows the evaluation of the e�ect of one factor on sequence distances, using permuta-
tion tests. We applied this technique to sequences of categorical states derived from
the FFS data in order to investigate life course trajectories. The method was also used
to build a parsimonious model by explaining the relationship between the sequences
and the explanatory variables.
The proposed approach adds value to the existing literature from an explanatory point
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of view. The methods proposed so far, although they nicely categorize the data, do
not give straightforward solutions to the problem of identifying whether there exist
a connection between the explanatory structure and life courses as whole (according
to the sequence representation). ANODI and the model selection techniques we pre-
sented are new procedures in sequence analysis that allow identify which factors a�ect
the di�erences in the life trajectories and to identify the most parsimonious model to
explain the relationship between the distance matrix and the explanatory structure.
The results of the substantive analyses illustrate the usefulness of the methods. What
makes them particularly attractive is the fact that they exploit all the information
contained in the distance matrix, in contrast to existing methods that investigate the
explanatory structure starting from a simpli�ed data structure, such as clusters. We
provided also a limited simulation study that con�rms the e�cacy of the ANODI test
under a variation of conditions.
The principal limitation of this procedure concerns the interpretation of the estimated
covariate e�ects, even with the information obtainable from the graphical representa-
tions. This analysis could however be fundamental in indicating which covariates are
signi�cant for the phenomenon being studied.
The proposed model can be extended to di�erent types of model selection methods,
for example a forward selection procedure or the Akaike Information Criterion, which
takes into account the number of variables in the model.
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Chapter 4
A parametric approach to sequence
analysis

4.1 Introduction
The description of life courses and, in particular, transition to adulthood, has attracted
increasing interest in the literature. A number of methods have been proposed to study
trajectories of events with two main goals: to �nd common patterns among a set of
sequences and to study how they are generated. (For a review see Abbott, 1995 or
Abbott and Hrycak, 1990). In this chapter we deal with the second objective by
proposing a model that generates sequences whose properties resemble those of the
original data.

To this aim we model the whole process that generates the paths with a combination
of (discrete) time-to-event distribution and transition probabilities. These parametric
models are allowed to depend on covariates through generalized logit models. We es-
timate the transition probabilities and the duration distributions between subsequent
transitions from state to state, as well as we compute the probability that a given in-
dividual experiences a certain transition status for each combination of characteristics.
Our model is part of the broader family of transitional models for the analysis of time
sequences. For the study of speci�c events concerning the transition to adulthood,
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event history analysis (Courgeau and Leli�evreis, 1992) is one of the principal toolkits
of demography. A basic event history problem (Lawless, 2003) can be formulates in
terms of a sequence of lifetime variables T1; T2; ::: that represent the lengths of sojourns(permanences) in a speci�ed sequence of states for an individual. In the sequences Tj,
j = 1; 2; :::, with Tj � 0, for a given j = 1; 2; :::, the variableTj represents the same
phenomenon for all individuals. Models for T1i; T2i; ::: for an individual i, given a vectorof covariates Zi (some of which may be time varying) can be formulated as a sequence
of conditional distributions

Fj(tjZu; tj�1i ) = Pr(Tji � tjZi; tj�1i ) (4.1.1)
where tj�1i = (t1i; :::; tj�1i). In modeling life course transitions, the quantity of funda-
mental interest is the so-called hazard rate,

�j(tjZji; tj�1i ) = lim�t!0Pr(Tji < t+�tjTji � t; Zji(t); tj�1i )�t (4.1.2)
One of the key points is in deciding how to consider the sequence history, tj�1i and
di�erent models were proposed on the basis of this choice: Time-Homogeneity Models,
Markov Models and Semi-Markov Models (Meira-Machado, de Ua-lvarez, Cardarso-
Surez and Andersen, 2007).
Inference in these models is conducted through a general likelihood. Taking in account
for covariates e�ects and the history of sequence is rather complicated.
It could be useful to write the life course model in terms of one-step transitions. If we
indicate with St the visited state at time t, t = 1; 2; :::; T and with f(S1; S2; :::; ST ;Z)the joint probability mass function of the observed sequence, transitional models use
the factorization
f(S1; :::; ST ;Z) = f(S1;Z)f(S2jS1;Z)f(S3jS2; S1;Z):::f(ST jST�1; :::; S1;Z): (4.1.3)
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Markov Models (see Agresti, 2002, Ch. 11 or Andersen, Borgan, Gill and Keiding, 1993,
Ch. 10) and semi-Markov Models (see Example X.1.8 of Andersen, Borgan, Gill and
Keiding, 1993 or Andersen, Esbjerg and Sorensen, 2000), which also include explana-
tory variables Z, are used to compute the probability for movement out of one state
into another, the mean permanence time in a given state, the number of individuals in
di�erent states at a certain moment (for a speci�c application of a Markov chain model
for the analysis of longitudinal categorical data subject to non-ignorable missingness
see Cole, Bonetti, Zaslavsky and Gelber, 2005). Covariates can also explain di�erences
in life course among the individuals.
Note that the link between the model we adopt in this chapter and Markov chain
model is strong. Indeed one can be rewritten in form of the other one and vice versa.
Let us think to a simple sequence AAAB. The probability of observing such sequence
can be expressed as a combination of discrete time to event distribution and transition
probabilities conditionally on there being a transition:

p(AAAB) = p(transition at 3jA) � p(A! Bjtransition),
but in an equivalent way as

p(AAAB) = p(A) � p(AjA) � p(AjAA) � p(BjAAA) = p(A) � p(AjA)2 � p(BjA).
The advantages deriving from our model over the transitional chain approach are a
greater interpretability of the results, due to the direct vision of the e�ects of the co-
variates and of the history of the sequence on both the sojourn times and the transition
probabilities.
The chapter is structured as follows. In Section 2 we describe the model and the maxi-
mum likelihood estimation of the parameters. Section 2 includes also a small simulation
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studies of the properties of the model estimators. The Fertility and Family Survey data
are appropriate for the study of the transition to adulthood and we �t the model to the
Dutch subset of that data in Section 3. In Section 4 we summarize the main �ndings.

.
4.2 The model
Consider an individual who has visited a total of r+1 states, not all necessarily di�erent
(i.e. who has experienced r state transitions). Let fSk; k = 1; :::; r + 1g indicate the
states that the individual experiences, in the order in which they have been visited,
and fTk; k = 1; :::; r + 1g be the corresponding times spent in the r + 1 states.
Let Zk denote a matrix of covariates observed at time k. Indeed these covariates can
in principle be time-varying and in the motivating application this is the case. Let �
and  be a vector and a matrix of parameters. We assume the following:
a) Tk follows a geometric distribution with parameter pk that depends on covariates

through the logit link:
pk = exp(�0Zk)1 + exp(�0Zk) (4.2.1)

b) The probability of transitioning from state i to state j at the k-th transition,
conditionally on the covariate vector Zk, is the quantity Pijk = Pr(Sk = jjSk�1 =
i; Zk), where i; j = f1; :::; Jg and k = 1; :::; K, with K representing the maximum
number of possible transitions, J the total number of states, and Piik = 0, 8i,
8k. These transition probabilities are modeled through generalized logit (see for
example Agresti, 1990). Using the J-th category as a reference, the logits can be
parametrized as

Pijk = exp(0ijZk)1 +Ph=(1;:::;J�1)�(i) exp(0ihZk) : (4.2.2)
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Each individual's contribution to the loglikelihood depends on the number of (not
necessarily di�erent) states visited. For a woman who visits (r+1) states (r transitions)
for durations ftk; k = 1; :::; (r + 1)g, the contribution is:

l(�jS; T; Z) = rX
k=1[log(PijkjZk) + log(P (Tk = tkjZk))] + log(P (Tr+1 > tr+1jZr+1))

(4.2.3)
to account for the transitions, the durations in di�erent states and the fact that the last
duration is always censored. Here we call �0 = (�0; 0) the full parameter vector. Let
OT 2 f0; :::; Kg be the random variable that counts the number of observed transitions.
The parameter � can be estimated from the observed data on n women by maximizing
the observed data log-likelihood
l(�jS; T; Z) = nX

w=1(1(OTw = 0)l0(�jS; T; Z) + :::+ 1(OTw = K)lK(�jS; T; Z)) (4.2.4)
where for a woman w who has experienced r transitions we have
lr(�jSw; Tw; Zw) = rX

h=1[log(PijhjZhw)+log(P (Th = thwjZhw))]+log(P (Tr+1 > tr+1jZhw))
(4.2.5)

and
l0(�jSw; Zw) = log(P (T1 � 144jZ1w)): (4.2.6)

to take into account the fact that the censoring is at time 144 months, the end of
the data collection period. In order to improve the optimization process (we used the
OPTIM function in R with the "BFGS" method, see e.g. Goldfarb, 1970), we provided
the R function with the vector of the partial derivatives of the log-likelihood with
respect to the parameters:

@lk@� = nX
s=1 �tk

exp(�0Zs)1 + exp(�0Zs) +
k�1X
r=1(1� tsr) exp(�0Zs)1 + exp(�0Zs)Zs (4.2.7)
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and, for a given transition from state i to state j

@pij@ij = k�1X
r=1

�exp(0ijZs)1 +Ph=(1;:::;J�1)�(i) ihZs
0Zs + Zs (4.2.8)

@pij@il = k�1X
r=1

�exp(0ilZs)1 +Ph=(1;:::;J�1)�(i) ihZs
0Zs l 6= j (4.2.9)

@pij@ml = 0 m 6= i l = 1; :::; J (4.2.10)
The number of parameters of this model can be very high but some of them can be
set to zero to obtain more parsimonious models, as constraints can be applied to the
permanence times and to the transition probabilities. Traditional likelihood theory
based hypothesis testing can be used to select the "best" model.
We performed a small simulation study of the estimators to examine how well they
perform with �nite sample size. We simulated sequences of 144 consecutive family
life states from a model as described above. For the parameter p of the geometric
distribution we included a single covariate, using the parameter values �0 = �4 and
�1 = 1. The covariate was generated from a Bernoulli distribution with parameter 0.4.
For the transition probabilities we choose ij = (1;�2) i = 1; :::; 6 j = 1; :::; 4. Sample
size was 2000. We generated 100 samples and estimated the coverage probability for
80 per cent asymptotic con�dence interval corresponding to each parameter. As can
be seen in Table 4.1, results indicate generally adequate coverage.

4.3 Analysis of FFS Data
The motivating data for our analysis originate from Dutch Fertility and Family Surveys
(FFS).1. The dataset contain the retrospective histories of 1897 women between the age
of 18 to 30 about childbearing and union formation, collected on a monthly time scale.

1For a detailed description of the data and FFS see Section 1.2
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Model parameters Interval coverage�0 0.75�1 0.81111 0.83211 0.73311 0.85411 0.83511 0.82611 0.83121 0.80221 0.74321 0.78421 0.84521 0.87621 0.78131 0.77231 0.74331 0.78431 0.87531 0.86631 0.86141 0.77241 0.77341 0.78441 0.86541 0.77641 0.80112 0.87212 0.76312 0.79412 0.83512 0.79612 0.82122 0.84222 0.84322 0.79422 0.83522 0.82622 0.79132 0.76232 0.84332 0.84432 0.84532 0.86632 0.80142 0.81242 0.80342 0.75442 0.86542 0.80642 0.79

Table 4.1: 80 per cent con�dence interval coverage probabilities based on 100 simulatedsamples.
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Covariates No.Groups Frequenciesabsolute relativeEduc 3 n1 = 181 n2 = 703 n3 = 1009 f1 = 0:10 f2 = 0:37 f3 = 0:53Religion 2 n0 = 705 n1 = 1188 f0 = 0:37 f1 = 0:63Divorce 2 n0 = 1754 n1 = 139 f0 = 0:93 f1 = 0:07Cohort 2 n1 = 912 n2 = 981 f1 = 0:48 f2 = 0:52

Table 4.2: The Netherlands covariates' description.

We use in the model some informations on individual and family characteristics: level
of education, religion belief, parental divorce and birth cohort. All four covariates were
used to model both the permanence times and transition probabilities (these covariates
are summarized in Table 4.2).
Moreover, we inserted in the model for the permanence times, the age (rescaled and
expressed in months) of each individual before she entered that state (Age), as well as
the state visited in that moment (variable name Pr-St). Among the covariates that
explain the transitions, we also added "Age" and the time spent in the state before the
transition (Tval). Note that these covariates change at each visited state.
Of 1897 women, 4 were excluded from this analysis because they are the only ones who
experienced transition from S to MC, from S to UC, and from U to MC (the number
of observations for the parameter estimates of these transitions was not su�cient for
estimation). In addition, transitions from states with children to states without children
are not possible and therefore we forced these transition probabilities to zero. The same
was done for parameters of other transitions that were never observed. The marginal
counts and the relative frequencies of transitions in the observed data are shown in
Tables 4.3 and 4.5. Note that because of the structure of the model, the tables refer
to transitions conditionally on the fact that a transition did occur. The most frequent
transition from M was MC, from U was M, from SC was UC, from UC was SC, from
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S M U SC MC UCS 0 920 911 40 0 0M 32 0 8 0 1140 0U 178 554 0 0 0 47SC 0 0 0 0 19 68MC 0 0 0 67 0 7UC 0 0 0 16 52 0

Table 4.3: Number of total transitions in FFS Dutch data.
UC was MC, and from S women opted most frequently for U or M. The sparseness of
the data did not allow for the �tting of the model on the various "Children" states,
and as a consequence we grouped the last three states (SC, MC, UC) into a unique
absorbing state "C". Three sample trajectories are shown in Figure 4.1. The marginal
counts and the relative frequencies of the transitions are shown in Tables 4.4 and 4.6.
Lastly, Table 4.7 displays the count and the relative frequencies of the visited states in
the order in which they have been visited.

Figure 4.1: Three examples of possible observed life sequences (S: living single with-out children, M: living married without children, U: living in unmarried cohabitationwithout children, C: with at least one child. Time (months) is on the horizontal axis.
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S M U CS 0 920 911 40M 32 0 8 1140U 178 554 0 47

Table 4.4: Number of total transitions in FFS Dutch data.
S M U SC MC UCS 0 0.49 0.49 0.02 0 0M 0.03 0 0.01 0 0.97 0U 0.23 0.71 0 0 0 0.06SC 0 0 0 0 0.22 0.78MC 0 0 0 0.91 0 0.09UC 0 0 0 0.24 0.76 0

Table 4.5: Number of transitions (per cent) in FFS Dutch data.

Because the C state is the baseline category, we analysed the e�ects of the covariates
on the odds that individuals have a transition to other states (S or M or U) instead
of state C. Initially we �tted a model that included all the covariates and, following
a backward selection approach, we sequentially removed the non-signi�cant terms (i.e.
p � 0.05) with likelihood-ratio tests. (For qualitative predictors with more than two

S M U CS 0 0.49 0.49 0.02M 0.03 0 0.01 0.97U 0.23 0.71 0 0.06
Table 4.6: Number of transitions (percent) in FFS Dutch data.
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Visited state Absolute frequencies Relative frequenciesS M U C S M U C1st 1781 24 43 45 0:94 0:01 0:02 0:032nd 12 937 788 52 0:01 0:52 0:44 0:033rd 171 464 14 801 0:12 0:32 0:01 0:554th 11 16 107 322 0:02 0:04 0:23 0:715th 13 53 5 14 0:15 0:62 0:06 0:166th 1 2 5 34 0:02 0:05 0:12 0:817th 2 1 � 4 0:29 0:14 � 0:578th � � � 2 � � � 1

Table 4.7: Visited states' description.
categories we considered the entire variable rather than just one of its dummy thus
adding or dropping the entire variable). Table 4.8 details the process used to select
the �nal model, and Table 4.9 contains maximum likelihood estimates of parameters
of the �nal model.

Results from the estimated model suggest that being religious increases strongly the
probability of having a transition from S to M with respect to the transition from S
to C (Odds Ratio=6.48) and also increases the probability to make transition from M
to U with respect to the transition from M to C (Odds Ratio=1.96), but considering
the small number of transitions from M to U (8 cases) one should not over-interpret
this e�ect. Moreover, having divorced parents increases the probability of making a
transition from S to U with respect to the transition from the same state to C (Odds
Ratio=2.44) and decreases the probabilities to make a transition from M to U com-
pared to the one from M to C (Odds Ratio=0.34) and a transition from U to M respect
to the transition to C (Odds Ratio=0.34). These considerations are based on keeping
the other covariates' values �xed. Therefore parental experience seems to encourage
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Model No.Pars. Description chi-square d.f. p-value0 57 Full model - - -1 55 �Educ = 0 in Model 0 0.24 2 0.892 54 �Religion = 0 in Model 1 0.7 1 0.403 53 �Divorce = 0 in Model 2 0.72 1 0.404 52 �Cohort = 0 in Model 3 6.14 1 0.015 51 �Pr�St = 0 in Model 3 731.3 2 06 52 �Age = 0 in Model 3 468.26 1 07 47 Tval = 0 in Model 3 39.22 6 6:4 � 10(�7)8 47 Divorce = 0 in Model 3 47.5 6 1:48 � 10(�8)9 41 Educ = 0 in Model 3 79.16 12 5:3 � 10(�15)10 47 Cohort = 0 in Model 3 85.44 6 2:22 � 10(�16)11 47 Age = 0 in Model 3 127.08 6 012 47 Religon = 0 in Model 3 134.64 6 0

Table 4.8: Summary of sequential likelihood-ratio test to get a �nal parsimonious model(see text for the de�nition of the covariates).
less stable relations, such as cohabitation and childless, and to increase the number of
divorces.
In addition, the level of education results in statistically signi�cant main e�ects: most
educated women have higher probability of making transition from M to U instead of
to C (Odds Ratio=3.32). Also, belonging to the youngest cohort increases this prob-
ability (Odds Ratio=2.19). This is not unexpected, since the younger cohort shows
higher percentages of women participating in education and prolonged education pe-
riod. The preference for cohabitation rather than childbearing is probably due to the
fact that timing of the �rst birth and educational level are clearly related. As education
postpones the �rst birth, and indeed the number of childless women aged 30 years has
been rising over time. Second, the Dutch society is characterized by the increase of
non-marital cohabitation and divorce (Latten, De Graaf, 1997), and the trendsetters
are precisely the higher educated women.
Finally, being in state S decreases the probability to make transitions when compared
to M and U that are less stable states. Our model estimates that the mean of the
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Parameters Estimate S.E. p-valuePermanence�0 -4.329 0.0301 0�Age -0.012 0.0006 0�Pr�St=M 0.900 0.0410 0�Pr�St=U 1.077 0.0458 0�Cohort 0.079 0.0300 0.018Transition from S to M0 2.799 0.5736 < 0:0001Tval -0.005 0.0064 0.44Age -0.054 0.0080 < 0:0001Educ2 0.319 0.5456 0.56Educ3 0.110 0.5274 0.84Religion 1.869 0.3674 < 0:0001Divorce -2.259 0.4213 < 0:0001Cohort -0.145 0.3413 0.68Transition from S to U0 -4.071 0.8806 < 0:0001Tval 0.013 0.0064 0.04Age -0.027 0.0086 0.0018Educ2 0.394 0.8540 0.64Educ3 1.546 0.8380 0.06Religion -0.253 0.3769 0.5Divorce 0.890 0.5493 0.10Cohort 0.390 0.3711 0.3Transition from M to S0 2.553 0.7213 0.0004Tval -0.013 0.0063 0.04Age -0.015 0.0057 0.01Educ2 -0.107 0.6485 0.86Educ3 0.695 0.6343 0.28Religion -0.161 0.3416 0.64Divorce -0.515 0.4290 0.22Cohort -0.384 0.3557 0.28Transition from M to U0 1.652 0.5760 0.004Tval 0.005 0.0063 0.44Age -0.010 0.0050 0.04Educ2 0.647 0.5446 0.24Educ3 1.201 0.5248 0.02Religion 0.672 0.3625 0.06Divorce -1.083 0.3762 0.004Cohort 0.782 0.3356 0.02Transition from U to S0 -4.657 1.3044 0.0004Tval 0.007 0.0136 0.62Age -0.0003 0.0130 0.98Educ2 0.567 1.1027 0.60Educ3 -1.088 1.3913 0.44Religion -0.400 0.7203 0.58Divorce -1.086 2.3363 0.64Cohort -0.473 0.7413 0.52Transition from U to M0 2.932 0.6849 < 0:0001Tval -0.018 0.0059 0.002Age -0.008 0.0052 0.12Educ2 0.398 0.6048 0.50Educ3 0.819 0.5963 0.16Religion 0.101 0.3168 0.76Divorce -1.076 0.4019 0.008Cohort 0.062 0.3342 0.86Table 4.9: Parameters estimates for the selected model.
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permanence time spent is about 76 months in S, 31 in M, and 26 in U. In other words,
the estimated expected time spent in M and U is respectively 60% and 65% lower than
that spent in S. Note that these permanences might be repeated more than once for
some individuals.
For the interpretation of the parameters it could also be useful to consider the multi-
nomial logit model directly in terms of transition probabilities

Pikjkk = exp(0ikjkZ)1 +Ph=(1;:::;J�1)�(ik)(exp(0ikhkZ)) : (4.3.1)
So, for example, the probability that a transition (when happens) is from "S" to "M"
for a 18 years old, religious student, with parents who did not divorce, belonging to
the '58-'62 cohort is equal to 8:84 � 10�4, while for a women not religious but with the
same other characteristics that probability is equal to 6:96 � 10�3. For any typology of
women and for any transition it is thus possible to compute the transition probability
and compare it with the other ones.
Using the estimated parameter values, the relative probabilities of other more compli-
cated events may be calculated from the model, as it shown at the end of this section
in which we consider, for example, the theoretic distribution of the time spent in the
�rst visited state. In alternative to this model-based approach, complicate functionals
and events may be estimated by generating from the model a number of sequences,
and goodness of �t can be explored by comparing the distribution of observed quanti-
ties with those generated by the �tted model. In order to do this, we simulated 1000
samples of 1893 sequences (under the estimated model), censored at 144 months as in
the original data.
With the �rst state visited and the covariates as given, we obtained the times of per-
manence and the transitions in di�erent states. We compare them with the observed
permanence times and observed transitions overall and within strata de�ned by the



93
COVARIATES No �T observed �T no censoring �T censoringPr-St=S,Cohort=1 852 51.3 77.0 65.3Pr-St=S,Cohort=2 929 52.6 71.3 61.9Pr-St=M,Cohort=1 17 30.8 31.6 31.3Pr-St=M,Cohort=2 7 32.3 29.3 29.1Pr-St=U,Cohort=1 15 19.9 26.9 26.8Pr-St=U,Cohort=2 28 31.8 24.9 24.9

Table 4.10: Comparison between the mean of the observed times in the �rst state, themean of times simulated with our model without censoring after 144 months, and withcensoring, given each covariates' combination.
COVARIATES No observ. �T simul. �T no cens simul. �T cens E(T) no cens E(T) censAll 1848 51.1 72.3 62.2 - -Pr-St 6= M 1824 51.4 72.9 62.6 75.9 64.2Pr-St=M 24 31.2 30.9 30.9 30.8 30.5Pr-St 6=U 1805 51.7 73.4 63.1 75.9 64.2Pr-St=U 43 27.7 25.6 25.6 25.8 25.7Cohort=1 884 50.3 75.3 64.0 75.9 64.2Cohort=2 964 51.9 69.6 60.6 70.16 60.9
Table 4.11: Comparison between the mean of the observed times in the �rst state andthe mean of times simulated with our model, the expected value estimated, with andwithout censoring, given each covariate.
covariates. For brevity we report the results only for the permanence times (Tables
4.10-4.13). The other tables are in the Appendix.
For the �rst visited state, the mean of times of permanence were compared also with
the mean of times generated without censoring after 144 months and the expected value
of the permanence given each covariate with and without censoring, E(T jXi = xi) and
E(TcensjXi = xi), i = fPr�St =M;Pr�St = U;Cohortg. For the second, the third,
and fourth we compare only the mean of observed and simulated permanences. Results
are shown in Tables 4.10-4.13.
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COVARIATES observed No simulated No observed �T simulated �T2nd 3rd 4th 2nd 3rd 4th 2nd 3rd 4th 2nd 3rd 4thPr-St=S,Cohort=1 4 71 5 5.9 63.6 2.7 21.5 34.6 41.8 66.6 54.4 49.9Pr-St=S,Cohort=2 8 100 6 8.1 88.5 7.7 26.5 30.7 9.8 65.1 54.5 49.6Pr-St=M,Cohort=1 542 146 8 467.0 116.9 7.2 44.5 36.9 34.7 38.6 37.2 37.4Pr-St=M,Cohort=2 395 318 8 356.6 253.6 7.0 48.5 34.7 19.9 36.9 36.4 36.7Pr-St=U,Cohort=1 273 7 35 248.9 5.0 17.9 37.2 21.4 23.9 33.8 34.6 30.8Pr-St=U,Cohort=2 515 7 72 455.8 5.7 32.6 36.4 34.0 25.0 32.5 32.8 30.7
Table 4.12: Comparison between the mean of observed and censored simulated perma-nence times for the second, the third, and fourth visited state, given each covariates'combination.
COVARIATES observed No simulated No observed �T simulated �T2nd 3rd 4th 2nd 3rd 4th 2nd 3rd 4th 2nd 3rd 4thAll 1737 649 134 1542.4 533.3 75.1 41.7 34.6 24.9 35.9 41.7 34.6Pr-St 6=M 800 185 118 718.8 162.8 60.9 36.5 31.9 24.6 33.6 53.1 34.0Pr-St=M 937 464 16 823.6 370.5 14.3 46.2 35.4 27.3 37.9 36.6 37.2Pr-St 6= U 949 635 27 837.7 522.5 24.6 45.9 34.6 26.1 38.4 41.8 42.4Pr-St=U 788 14 107 704.7 10.8 50.5 36.7 27.7 24.7 32.9 33.6 30.8Cohort=1 819 224 48 721.8 185.4 27.7 41.9 35.7 27.5 37.2 43.0 34.4Cohort=2 918 425 86 820.6 347.9 47.4 41.5 33.7 23.5 34.7 40.9 34.7
Table 4.13: Comparison between the mean of observed and censored simulated perma-nence times for the second, the third, and fourth visited state, given each covariate.

As these tables and those in the Appendix show, generally the number of transitions
from the model are similar to the observed transitions, while permanence times, espe-
cially for the �rst visited state, tend to be overestimated.
This aspect is also evident looking at the estimated survival distributions: to explore the
goodness of �t of the model one can compare the survival distributions from simulated
sequences (boldface line) with the survival from observed data (con�dence intervals
are based on the log hazard). Figures 4.2-4.4 display the the survival distributions
of the �rst three permanence times, while Figures 4.5-4.7 show those of the events:
�rst birth, �rst union (marriage or cohabitation), and �rst marriage. When examining
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these curves one has to keep in mind that the underlying variability of the model-based
curves depends on both the fact that we are generating data, and on the sampling
variability of the estimated parameters. Therefore the boldface curves, which appear
without con�dence interval, are actually likely to have quite a variability associated
with them.

As mentioned above, �gures show that the model tends to overestimate the (�rst

Figure 4.2: Observed (solid) and simulated (boldface) survival distributions for thetime in the �rst visited state.
and third) permanence times. But the model-based curves �t adequately the second
permanence time and the �rst union and �rst marriage events.
An alternative way (not shown) to interpret the survival distribution results is to com-
pare the data-based curves with the theoretic-model curves of P (Tk > tkjZ) for anygiven combination of covariates. For example, given the geometric distribution as-
sumption, it is not di�cult to obtain the theoric distribution for the �rst permanence
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Figure 4.3: Observed (solid) and simulated (boldface) survival distributions for thetime in the second visited state

time:

P (T1 > t1jZ) = ZZ P (T1 > t1jZ)fZ(Z)dZ=̂ 1n
nX
i=1 P̂ (T1 > t1jZi) = 1n

nX
i=1 (1� p̂(Zi))t1

(4.3.2)
Improvements in the �t of the model may be possible if one assumes di�erent distri-
butions for the time spent in the states, Tk than the geometric distribution considered
here. We replicated the analysis using Weibull distributions, but results were similar
and we omit them for brevity. This issue however deserves further analysis using other
distributions or combinations of di�erent distributions.



97

Figure 4.4: Observed (solid) and simulated (boldface) survival distributions for thetime in the third visited stateCovariate p-value observed data p-value simulated data.Educ 0 0Religion 0 0Divorce 0 0Cohort 0 0
Table 4.14: Summary table for ANODI-permutation test on Dutch FFS data and on asimulated sample under the estimated model;Education: education after the age 18 (omitted category: education up to the age 18)Religion: religiousness (omitted category: not religious)Divorce: parental divorce (omitted category: no parents divorced)Cohort: birth cohort 1958-1962 (omitted category: cohort 1953-1957).
4.4 Conclusion and remarks
We have introduced a parametric transitional model to the analysis of time sequences,
and applied it to Dutch FFS data. The proposed model accommodates covariate ef-
fects (including time-varying covariates), both for the time-to-event distribution and
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Figure 4.5: Observed (solid) and simulated (boldface) survival distributions for the�rst birth event

the transition probabilities. A simulation study of a simpli�ed version of the model (in-
cluding only one not time-varying covariate) was performed to ensure accuracy of the
coverage probabilities of the asymptotic con�dence intervals of the parameters. From
a computational point of view, the model presents several complications, from the del-
icate identi�cation and �tting to more practical ones, such as data manipulation. We
believe that some of the di�culties of �tting these models are related to these aspects.
Goodness of �t was assessed empirically by generating data according to the estimated
parameters. Summary statistics of the sojourn times and of the frequencies of the tran-
sitions among states were compared overall and within strata de�ned by the baseline
covariates. We believe that improvements are possible assuming di�erent distributions
for the time spent in the states.
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Figure 4.6: Observed (solid) and simulated (boldface) survival distributions for the�rst union event (cohabitation or marriage)
We compared the results of ANODI procedure presented in Chapter 3 for the ob-
served data with a simulated sample under the estimated model. The simulated sam-
ple consists of 1893 women with the same individual and background factors of the
observed sample (level of education, religiousness, parental divorce and birth cohort).
The method allows the evaluation of the e�ect of one factor on sequence distance, and
it is also used to build a parsimonious model explaining the relationship between the
sequences and the explanatory variables. Table 4.14 shows the principal e�ect of the
factors.
Results from the two samples are consistent with each other. For both the original and
simulated data all the factors have a signi�cant impact on the distances between cases.
Although following di�erent paths, the backward selection model procedure leads to
the same model in both samples. "Cohort" and "Divorce" are excluded leading to the
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Figure 4.7: Observed (solid) and simulated (boldface) survival distributions for the�rst marriage event
�nal model that includes only "Education" and "Religion". Di�culties in �tting dura-
tion distribution emerged but ANODI results suggest that the �tted model replicates
the structure of sequences quite well.
4.5 Appendix
In order to analyse the transitions of di�erent class of individuals, we compared the
observed with simulated absolute frequencies for the most numerous groups induced
by the combinations of covariates used in the estimated model (Tables 4.15-4.18).
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Educ=2,Religion=1,Divorce=0,Cohort=1 observed simulated

S M U C S M U C

S 0 177 49 4 0 155.5 36.8 1.4
M 4 0 4 175 2.0 0 1.7 129.4
U 12 34 0 2 5.9 21.2 0 1.7

Table 4.15: Comparison between the observed and simulated transitions for womenreligious, with education level 2, parents not divorced or separated, and belonging to'53-'57 cohort.

Educ=3,Religion=1,Divorce=0,Cohort=1 observed simulated

S M U C S M U C

S 0 150 91 3 0 144.6 72.7 1.8
M 4 0 0 153 5.7 0 0.3 121.9
U 19 51 0 5 13.9 34.8 0 2.0

Table 4.16: Comparison between the observed and simulated transitions for womenreligious, with education level 3, parents not divorced or separated, and belonging to'53-'57 cohort.

Educ=2,Religion=1,Divorce=0,Cohort=2 observed simulated

S M U C S M U C

S 0 127 77 0 0 109.2 63.1 1.1
M 3 0 1 147 2.5 0 1.0 111.5
U 13 56 0 5 7.0 39.0 0 3.0

Table 4.17: Comparison between the observed and simulated transitions for womenreligious, with education level 2, parents not divorced or separated, and belonging to'58-'62 cohort.
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Educ=3,Religion=1,Divorce=0,Cohort=2 observed simulated

S M U C S M U C

S 0 157 179 3 0 133.4 164.0 1.8
M 4 0 0 190 9.78 0 0.3 155.3
U 22 119 0 6 24.4 93.4 0 4.8

Table 4.18: Comparison between the observed and simulated transitions for womenreligious, with education level 3, parents not divorced or separated, and belonging to'58-'62 cohort.No observed No simulated �T observed �T simulated1st 2nd 3rd 1st 2nd 3rd 1st 2nd 3rd 1st 2nd 3rdAge � 50 1848 1037 153 1848.0 901.1 196.8 51.1 44.9 43.8 62.2 36.0 48.4Age � 51 0 700 496 0 641.7 336.2 - 36.9 31.5 - 35.7 37.7
Table 4.19: Mean of the observed and censored simulated permanence times for twoclasses of ages at entry into the �rst, the second and third visited states.

To study the impact of variables "Age" in the permanences sub-model, we compared
the observed with the simulated times spent in the �rst three visited states for the two
classes of women, "Age" � 50, "Age" � 51. To study the impact of variables "Age"
and "Tval" in the transitions sub-model, we compare the observed with the simulated
transitions for the classes, "Age" � 50, "Age" � 51, and for the classes "Tval" � 41,
"Tval" � 41. Tables 4.19-4.23 report the results.
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Age � 50 observed simulatedS M U C S M U CS 0 913 833 32 0 807.2 741.6 27.7M 22 0 4 630 32.2 0 4.3 612.1U 114 305 0 24 108.0 273.2 0 19.4

Table 4.20: Number of observed and simulated transitions for women that have tran-sitions before 51 -th months from start of observation period (22 years and 3 monthsold).
Age � 51 observed simulatedS M U C S M U CS 0 7 78 8 0 1.3 22.6 2.1M 10 0 4 510 3.8 0 1.6 261.7U 64 248 0 23 38.8 146.5 0 14.0

Table 4.21: Number of observed and simulated transitions for women that have tran-sitions after 51 -th months from start of observation period (22 years and 3 monthsold).

Tval � 40 observed simulatedS M U C S M U CS 0 429 412 24 0 441.8 333.0 15.5M 15 0 4 741 19.7 0 3.7 612.2U 134 431 0 34 105.7 320.9 0 20.2
Table 4.22: Number of observed and simulated transitions in which the time spent inthe origin state was less than 40 months.
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Tval � 41 observed simulatedS M U C S M U CS 0 491 499 16 0 366.8 431.2 14.3M 17 0 4 399 16.4 0 2.2 261.7U 44 122 0 13 41.1 98.8 0 13.2
Table 4.23: Observed and simulated transitions in which the time spent in the originstate was more than 40 months.



Conclusions

The aim of this thesis was to present new methods for the description and explanation
of life course patterns according to their representation as sequences. The thesis con-
sistently applied such methods to the transition to adulthood. The motivating data for
our analysis originate from Fertility and Family Surveys (FFS). In order to asses the im-
pact of socio-demographic characteristics on the transition to adulthood, we proposed
three new methods which are particularly attractive because they maximize the use of
the data, as against previous methods that tried to investigate the explicative struc-
ture starting from more simpli�ed data. The previous methods, although they nicely
categorize the data, do not give straightforward solutions to the problem of identifying
whether or not there exists a connection between the explanatory structure and the
life courses. Indeed, we have shown that the multinomial model used by McVicar and
Anyadike-Danes (2002), applied to Dutch FFS data, performed quite poorly as far as
forecasting is concerned.
The �rst proposal consists of regression models that use the output distance analy-
sis to detect and predict sub-groups as potential targets for speci�c public policies.
In particular, we analysed adolescent premarital pregnancy adopting an international
comparative approach. The goal was to seek individual and origin family factors asso-
ciated with this risky motherhood behavior. The approach we adopted is to de�ne a
template, representing the model long-term single mother, i.e. a women who has had
children and has been single during the entire observation period (age 18-30). Then
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to use the distance, transformed to the open unit interval (0,1), between this template
and the observed sequence for each woman in our sample in a regression model. Results
actually suggest that several social and demographic factors inuence teenage premar-
ital childbearing.
Moreover we emphasized, by showing that di�erent metrics lead to very di�erent re-
sults, the importance of selecting the most appropriate metric with regard to the issue
in analysis.
The second proposal was an analysis of dispersion (ANODI) approach that, using
permutation test ideas, allows the evaluation of the e�ect of one factor on sequence
distance. To evaluate the relationship between distances and the socio-demographic
variables, we adapt the ANOVA approach to the sequence context or, more precisely,
to the situation where the unique information about the response variable of interest
is synthesized in a dissimilarity matrix. Permutation tests are used to evaluate the
signi�cance of an e�ect. The criterion may also be used to build a parsimonious model
explaining the relationship between the sequences and the explanatory variables. The
advantage of this method is that it is possible to infer such relationship not from sim-
pli�ed data, i.e. clusters, but directly from the distance matrix which contains more
information on the original sequences structure. We also provided a limited simulation
study that con�rmed the e�cacy of the ANODI test under a variety of conditions.
Further analyses have to be devoted to have de�nitive results.
The principal limitation of this procedure concerns the interpretation of the estimated
covariate e�ects: the method indicates which covariates are signi�cant but does not
provide a qualitative evaluation of the e�ect of the covariates. However, some indica-
tions can be obtained from the graphical representation of the sequences.
Finally, the third proposal was a parametric model to build the whole process that
generates sequences. The method allows us to estimate the e�ect of the explanatory
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variables and also to predict life courses for any given combination of the explicative
variables. The explanatory structure was taken into account in the model through gen-
eralized logit models. We also performed a simulation study of a simpli�ed version of
the model (including only one non time-varying covariate) to ensure the accuracy of the
coverage probabilities of the asymptotic con�dence intervals of the parameters. For this
kind of models, handling goodness of �t is di�cult and it depends on the correctness of
the parametric assumptions. We investigated goodness of �t empirically by generating
data according to the estimated parameters. Summary statistics of the permanence
times and of the frequencies of the transitions among states were compared overall
and within strata de�ned by the baseline covariates. Di�culties in �tting duration
distribution emerged but we believe that improvements are possible assuming di�erent
distributions for the time spent in the states. Moreover, to evaluate the goodness of �t
of the model we compared the results of the ANODI procedure for the observed data
with a simulated sample based on the estimated model. Results from the two samples
are consistent with each other. For both the original and simulated data all the factors
have a signi�cant impact on the distances between cases. Although following di�erent
paths, the backward selection model procedure leads to the same model in both sam-
ples. Therefore ANODI results suggest that the �tted model replicates the structure
of sequences quite well. Parametric models do require careful work to be used due to
the delicate identi�cation and �tting, and, despite their potentialities, this might make
their use not as widespread.
This thesis provides several techniques for the analysis of the sequences of states, from
graphical to parametric to nonparametric. Although the techniques are presented as
distinct procedures, these techniques can be used sequentially or one to support the
others, in order to identify which factors are important for the phenomenon being stud-
ied and the qualitative e�ects of such factors. We linked sequence analysis to other
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conventional statistical methods (MDS, cluster analysis, ANOVA, regression models.
We are at an early stage and there is scope for additional work in this area.
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