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Abstract

Multidomain/multichannel sequence analysis has become widely used in social science research to
uncover the underlying relationships between two or more observed trajectories in parallel. For example,
life-course researchers use multidomain sequence analysis to study the parallel unfolding of multiple life-
course domains. In this article, the authors conduct a critical review of the approaches most used in multi-
domain sequence analysis. The parallel unfolding of trajectories in multiple domains is typically analyzed
by building a joint multidomain typology and by examining how domain-specific sequence patterns com-
bine with one another within the multidomain groups. The authors identify four strategies to construct the
joint multidomain typology: proceeding independently of domain costs and distances between domain
sequences, deriving multidomain costs from domain costs, deriving distances between multidomain
sequences from within-domain distances, and combining typologies constructed for each domain. The
second and third strategies are prevalent in the literature and typically proceed additively. The authors
show that these additive procedures assume between-domain independence, and they make explicit the
constraints these procedures impose on between-multidomain costs and distances. Regarding the fourth
strategy, the authors propose a merging algorithm to avoid scarce combined types. As regards the first
strategy, the authors demonstrate, with a real example based on data from the Swiss Household Panel, that
using edit distances with data-driven costs at the multidomain level (i.e., independent of domain costs)
remains easily manageable with more than 200 different multidomain combined states. In addition, the
authors introduce strategies to enhance visualization by types and domains.
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Much social science work studies the relationships between trajectories followed in
different domains, such as family formation, professional career, and health, or
between trajectories of linked people, such as partners or parent-child dyads. This is
known as “multidomain” (MD; see Appendix A for a list of all abbreviations used) or
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“multichannel” analysis. The need to address empirically how the life-courses of dif-
ferent individuals are linked or how trajectories in different life domains jointly unfold
is motivated by the life-course principle of linked lives, that is, “lives are lived interde-
pendently and socio-historical influences are expressed through this network of shared
relationships” (Elder, Johnson, and Crosnoe 2003:13). The need also arises more gen-
erally from the idea that the life-course can be seen as a multidimensional process
shaped by interdependencies and interactions not just across time but also across
domains (Bernardi, Huinink, and Settersten 2019).

In recent years, applications of MD sequence analysis have proliferated in the social
sciences across a range of disciplines to analyze various substantive topics, such as
employment and health (Eisenberg-Guyot et al. 2020), immigrants’ childbearing and
partnership (Delaporte and Kulu 2023), couples’ life-course and income in later life
(Mohring and Weiland 2021), health and labor market inequalities (Kang 2022), and
patient care consumption (Roux et al. 2022).

According to Abbott and Tsay (2000), typical sequence analysis consists in coding life
narratives as sequences of successive lived states, measuring pairwise dissimilarities
between sequences, and building a typology of the sequences from their pairwise dissimila-
rities. The dissimilarity between sequences can be measured in different ways (Studer and
Ritschard 2016), the most common one being the optimal matching (OM) edit distance, in
which the costs of the edit operations (substitution, insertion, and deletion of states in one
sequence to align or match with another sequence) may vary with the states involved.

In fact, sequences considered in social sciences are often already MD with state ele-
ments in the sequences representing combinations of state tokens (see the next section
for definitions of terms) of different domains. For example, when studying family for-
mation, we may consider sequences where elements such as “married with children”
combine marital status with parenthood status. Likewise, professional careers often
combine educational levels, qualification levels, types of employment contracts, levels
of responsibility, and activity rates.

By considering combined state tokens as single regular tokens, MD sequences can
be analyzed as regular sequences as if in a single domain. However, if they are MD,
we may want to explore the relationship between domains, for example, between fam-
ily and work trajectories, or between the linked lives of two partners. Polyadic data
are a special case of MD sequence data, where the domains correspond to roles (e.g.,
child, mother, father) and each domain is based on the same alphabet. In these cases,
an aspect of interest besides the relationship between domains is the measure of the
(dis)similarity between polyadic members. We refer interested readers to Liefbroer
and Elzinga (2012) and Liao (2021) for this latter aspect, and focus here on the analy-
sis of the parallel unfolding of related domain sequences for the same individuals as
well as for linked individuals.

The parallel unfolding of related sequences is typically analyzed by building a joint
MD typology with clustering methods and by examining the combination of domain-
specific sequence patterns within the MD groups (or types). In this process, the joint
typology plays a key role, and the core objective of this article is to critically review
the approaches to building such joint typologies considered in the literature.
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Figure 1. Strategies for building a joint typology.

Note: See the online version of the article for a color version. CAT = cost additive trick; CombT =
merged combined domain types; DAT = distance additive trick; IDCD = independence from domain
costs and distances.

Referring to the three steps of a conventional sequence analysis as described by
Abbott and Tsay (2000)—coding narratives as sequences of possible states, measuring
dissimilarities between sequences, and building a typology—and considering the addi-
tional step of setting the costs entailed by most edit distances, Figure 1 depicts four
distinct strategies for building a joint typology. The first possibility (orange path)
expresses the MD sequences in terms of the combined domain tokens, and it treats the
resulting sequences as regular sequences: costs are set directly at the MD level, dis-
tances are computed at the MD level, and clustering is performed at the MD level. In
other words, costs, distances, and typology have independence from domain costs and
distances (IDCD). The second possibility (magenta path) is similar to the first, except
MD costs are derived from costs set at the domain level. In the third strategy (green
path), the distances between MD sequences are derived from distances computed at
the domain level. Finally, the fourth strategy (blue path) consists in deriving the joint
MD typology from typologies constructed for each domain (merged combined domain
types [CombT]). Our evaluations of the four strategies depicted in Figure 1 form the
backbone of this article. Therefore, the figure serves as a guide to the entire analysis.

The first path in the figure has been followed, for example, by Eisenberg-Guyot
et al. (2020). With this strategy, the number of costs that must be set may become very
large because the number of combinations of domain state tokens increases multiplica-
tively with the numbers of tokens in each domain. Therefore, some authors (Gauthier
et al. 2010; Pollock 2007; Stovel, Savage, and Bearman 1996) prefer to derive MD
costs additively from domain costs, which is path 2. Currently, this “cost additive
trick” (CAT) is perhaps the most frequently adopted strategy; it is also the only method
explicitly implemented in the TraMineR sequence analysis software (Gabadinho et al.
2011); it was used, for example, by Delaporte and Kulu (2023), Mohring and Weiland
(2021), and Kang (2022). Regarding the third path, some authors (e.g., Han and Moen
1999) propose that MD distances may be defined by additively combining distances
computed separately for each domain. We call this method the “distance additive trick”



Ritschard et al. 291

(DAT). One can also use more elaborate methods based on numerical representations
of sequences to derive MD distances from domain distances (e.g., Robette, Bry, and
Lelievre 2015). The fourth strategy—cross-classifying the typologies of the different
domains—is not very popular because it produces rapidly too many and often sparse
MD types when the number of types per domain increases (Raab and Struffolino
2022:chap. 5).

As we will show, the four approaches can produce very different or even mislead-
ing results. Therefore, it is important to understand the assumptions behind a chosen
method and the consequences of using it when the assumptions are not satisfied. In
particular, we will show that summing domain distances—the DAT strategy—assumes
that the trajectories followed in the different domains are independent of each other
and that deriving MD costs by adding domain costs—the CAT strategy—assumes
state independence across domains.

Analyzing the relationship between domains is of interest only when domains are
linked. Therefore, one should evaluate the strength of the association between domains
before conducting an MD sequence analysis. The degree of association between
domains is useful because it reveals how far we are from the independence condition
that CAT and DAT strategies implicitly assume. Because of the importance of the
measurement of between-domain association, we briefly address this aspect before dis-
cussing the pros and cons of the various strategies with which to build MD typologies.

The main contributions of this article concern the measurement of dissimilarities
between MD sequences and the construction of MD typologies. First, with regard to
measuring MD dissimilarities, we show that the two most common approaches—
computing edit distances with costs additively derived from domain costs, and linear
combination of domain distances—implicitly assume independence between domains,
and we make explicit the consequences of using such additive procedures when the
independence assumption does not hold. We also demonstrate the applicability of the
first strategy (IDCD, orange path in Figure 1) with data-driven costs for a large number
of combined states by means of an application on real data with three interlocked
domains. Second, regarding the combination of domain types, we propose an algorithm
to optimally reduce the number of combined types and thereby improve their substan-
tive interpretation. Finally, by applying the various methods to biographic data from
the Swiss Household Panel (SHP), we underscore the high sensitivity of the results
to the strategy chosen to build the typology. In addition to these key aspects, we intro-
duce the distinction of between-state association between domains from between-
trajectory association between domains, which, among other things, proves useful for
understanding the difference between the independence assumptions behind the two
additive tricks—that is, summing costs (CAT) and summing distances (DAT). We also
introduce rules to enhance the visualization by groups/types and domains and help with
interpreting typologies of MD sequences.

All calculations in the article were performed within the R platform using the
packages TraMineR (Gabadinho et al. 2011) to compute dissimilarities and plot
sequences, WeightedCluster (Studer 2013) for clustering, clv (Nieweglowski 2020) for
the Rand index, and a user-written seqdomassoc package (available from the first
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author) for other specific operations, such as domain associations and the optimal mer-
ging of joint MD types.

TERMINOLOGY USED AND AN ILLUSTRATIVE TOY EXAMPLE

We consider sequences in which the elements are states assumed by the units of analy-
sis during successive time intervals: for example, employment states experienced by
individuals. Each position in a sequence refers to a time interval, such as a year or a
month in life-course analysis, or an hour in time-use studies. The set of possible states
or tokens forms the alphabet. For clarity, we use the terms foken to denote an item in
the alphabet and state to refer to an element of the sequence. For instance, a person’s
marriage sequence over 20 years from age 20 can be represented by a sequence con-
sisting of five years of singlehood or five “s” (i.e., sssss), five years of cohabitation or
five “h,” and 20 years of marriage or 20 “m.” This sequence comprises three state
tokens, s, #, and m; the three tokens together form the alphabet for the sequence.
Another domain could be parenthood, with, for example, the alphabet of tokens n for
no child, and ¢ for having one or more children.

Dissimilarity measures are used to quantify differences between two sequences. We
use the terms dissimilarity and distance interchangeably, even though the latter gener-
ally refers to measures of differences in Cartesian spaces.

We use OM distances in the data examples we provide in the article. OM measures
the dissimilarity between two sequences as the minimal cost for transforming one
sequence into the other by means of substitutions, insertions, and deletions of states.
OM distances depend on the costs of the basic substitution and indel (insertion or dele-
tion) operations. We opted for data-driven costs, which are user-independent, unlike,
for example, theory-based costs. More specifically, we use INDELSLOG (frequency-
based method for estimating indel and substitution costs) costs (the term used in the R
package TraMineR for a method introduced by Studer and Ritschard 2016:492).
INDELSLOG costs are based on the frequency of tokens in the sequences. First, indel
costs are set as the logarithm of the inverse of the relative frequency of the tokens—
more precisely as log[2/(1 +f)], where f'is the relative frequency of the token, to avoid
issues with zero frequency—and then the substitution costs between two tokens are
derived by summing their indel costs. With such costs, inserting or deleting rare
tokens is more costly than inserting or deleting frequent tokens; and substituting rarely
observed tokens costs more than substituting common tokens. In addition,
INDELSLOG costs are not prone to the limitations of data-driven costs based on tran-
sition rates, that is, TRATE (transition rate—based method for estimating substitution
costs) costs (Studer and Ritschard 2016:491).

The term multidomain that we use here is equivalent to the term multichannel or
multidimensional sometimes used in the sequence analysis literature (e.g., Gauthier
et al. 2010; Robette et al. 2015). The alphabet of MD sequences, that is, the set of pos-
sible combined domain tokens, is called the “expanded alphabet.” For example, mar-
ried with children, m+c, is a token of the expanded alphabet of the two domains
marriage and parenthood.
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Figure 2. Five multidomain toy sequences over three domains: parenthood, marital status,
and work.
Note: See the online version of the article for a color version.

To illustrate the issues addressed, we consider the five MD sequences shown in
Figure 2 as an example, and we code parenthood state tokens as ¢ for parent and » for
no-child, marital status tokens as s for single and m for married, and work tokens as u
for no-work and w for work. In this example, the expanded alphabet contains only
seven out of the 2° = 8 possible token combinations because one combination (c +s +u,
i.e., parent/single/no-work) does not occur among the five sequences considered.

STRENGTH OF ASSOCIATION BETWEEN DOMAINS

The hypothetical example in Figure 2 illustrates individual life experiences observed
as a series of trajectories unfolding over time in different domains. Clearly, the two
domains parenthood and marital status are associated, even though some individuals
become a parent without getting married.

The association between domains can be measured and tested at different levels and
in different manners. In particular, we introduce the distinction between the association
between states and the association between sequences or trajectories. For example,
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letting living arrangement be a domain with the alphabet {a: alone; b: with both par-
ents; p: with partner; o: with friends} and work be a domain with alphabet {f: full-time
work; ¢: long part-time; s: short part-time; u: unemployed}, consider the two four-
time-interval-long MD sequences

1. (a+f,b+u,p+f,o+u)
2. (p*f,otu,a+f,b+u),

where the notation a +f, for instance, denotes the combination of tokens a of the
first domain and f of the second domain, that is, living alone and working full-
time. Here we observe state association because full-time, f, in the second domain
only occurs with either alone, a, or with partner, p, in the first domain, and unem-
ployed, u, only occurs when living with both parents, b, or with friends, o, and the
trajectories, which exhibit a different order in the first domain and are identical in
the second domain, do not appear to be associated. Inversely, considering the two
MD sequences

3. (a+tl,b+s,ptf,otu)
4. (atu,b+l,p+s,o+f),

we observe an association between domain trajectories because the relatively long sub-
sequence (¥, s, f) of the second domain occurs in both MD sequences together with the
same sequence (a, b, p, 0) in the first domain. However, there is no state association
because the same states of the second domain do not occur at the same positions in the
two sequences.

Association between States

The association between the states in two domains measures the tendency of a token
in the first domain to co-occur with a token in the second domain. This association
can be evaluated by cross-tabulating the states observed in the two domains and
computing a categorical association measure, such as Cramer’s v. Here, we can
envisage two approaches: (1) cross-tabulating the states of the two domains and (2)
cross-tabulating the states of the two domains for each MD sequence, followed by
averaging the measured associations over all MD sequences. The second approach,
which Piccarreta and Elzinga (2013) considered, is of interest when sequence
lengths differ across individuals, because it avoids overweighting individuals with
longer sequences.

Table 1 shows the three contingency tables obtained by cross-tabulating two by two
the three domains of the example in Figure 2. The three pairs of domains considered
are parenthood X marital status, parenthood X work, and marital status X work. The
association is quite strong between parenthood and marital status with a Cramer’s v of
0.51 (p = .001). Between parenthood and work, Cramer’s v is as low as 0.0076 and is
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Table 1. Toy Multidomain Sequences; Contingency Tables of State Occurrences

s m u w u w
c 3 16 c 8 11 K 6 11
n 14 7 n 9 12 m 11 12
y = 51%** v =.0076 v=_.13

Table 2. Toy Multidomain Sequences; Association between Domains; State Association
(Cramer’s v) and Trajectory Association (Pearson’s » and Spearman’s p Correlation between
Pairwise INDELSLOG-Based Optimal Matching Distances in Each Domain)

Cramer’sv  p(v) Pearson’sr  p(r) Spearman’s p  p(p)

Parent with married Sl .00 .08 .83 13 72
Parent with work .01 .96 .05 .88 .02 .95
Married with work .13 43 35 32 37 .30

Note: INDELSLOG = frequency-based method for estimating indel and substitution costs.

not statistically significant (p = .96). Likewise, the association between marital status
and work is not significant (v = 0.13, p = .43).

Association between Sequences

The association between sequences in two domains measures how the characteristics
of a sequence in the first domain (e.g., states visited, timing, duration, and sequencing)
is related to the same characteristics of the sequence in the other domain for the same
unit of analysis. Piccarreta (2017) proposed one strategy to quantify the domains’ asso-
ciation: that is, to use Pearson’s or Spearman’s correlation between sequence dissimi-
larities computed independently for each domain. The dissimilarity between sequences
reflects differences in timing, duration, and sequencing of the states. Hence, the corre-
lation between dissimilarities also takes these timing, duration, and sequencing aspects
into account. Depending on the metric chosen to measure dissimilarity, each aspect
can assume more (or less) importance (Studer and Ritschard 2016).

For the five individuals whose trajectories are displayed in Figure 2, there are 5(5 —
1)/2 = 10 pairwise dissimilarity values for each domain. The association between two
domains, parenthood and marital status, for example, is obtained by computing the cor-
relation between the 10 values of these two domains.

Table 2 shows Pearson’s and Spearman’s correlations between pairwise OM dis-
tances computed for each domain with INDELSLOG costs. For this and the following
analytic steps, we obtain similar results with TRATE-based OM distances, that is, OM
distances with costs based on observed transition frequencies (results not shown, avail-
able from the authors).



296 Sociological Methodology 53(2)

The highest trajectory association is between married and work. Correlations
between both other pairs of domains are very low. In particular, the correlation 0.08
between parenthood and marital trajectories contrasts with the quite strong state asso-
ciation (v) between states of those two domains. This illustrates that state association
and trajectory association are distinct concepts. With five cases, there are only 10 pair-
wise distances for each of the three pairs of domains, which explains why none of the
Pearson’s and Spearman’s correlations differs significantly from zero.

DISSIMILARITIES BETWEEN MD SEQUENCES

In Figure 1, three of the four paths to build MD typologies use MD distances. With
the first (orange) strategy, MD distances are computed either using a metric that does
not use costs or using IDCD costs, that is, costs set directly at the MD level. With the
second (green) strategy, MD distances are computed using costs derived from domain
costs. In the third (magenta) path, MD distances are derived from distances within the
individual domains. This section examines the pros and cons of these three different
strategies to determine MD distances.

IDCD Dissimilarities

Once we have expressed the MD sequences in terms of the expanded alphabet, the
first strategy (orange path in Figure 1) is straightforward. Distances are computed as
in regular sequence analysis of a single domain by using, if applicable, IDCD costs.
However, too large an alphabet size may result from the combination of tokens from
the different domains. For instance, three domains with 10 tokens each would lead to
an extended alphabet of size 10° = 1,000. In turn, such a large alphabet dramatically
increases the number of indel and substitution costs to set for OM-like edit distances.
For the three domains with 10 tokens each, there would be 499,500 substitution costs,
and determining them would be a particularly onerous task computationally, if not
intractable theoretically.

One solution is to merge nonfrequent states, unless nonfrequent states are the sub-
stantive focus of the analysis. This method was used to build the “biofam” sequence
data set (Miiller, Studer, and Ritschard 2007) of the R package TraMineR (Gabadinho
et al. 2011), which was created from three domains: parenthood (child, no child), liv-
ing with parents (yes, no), and marital status (single, married, divorced). The 12 com-
bined tokens were reduced to eight by grouping together all combined tokens with
“yes” for living with parents and all combined tokens with “divorced” as marital sta-
tus. However, it is difficult to automate this solution and apply it to very large
expanded alphabets.

Nonetheless, as we demonstrate with the application in the “Interlocked Domains in
Swiss Life-Courses” section, setting substitution and indel costs with data-driven meth-
ods and computing the distance matrix requires only a few minutes of computation
with alphabets comprising more than 200 tokens after elimination of nonobserved
combined ones.
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An Additive Trick for MD Costs

Because of the issues raised by large expanded-MD alphabets, some authors have pro-
posed the CAT to determine MD costs from individual domain costs (green path in
Figure 1) (see Gauthier et al. 2010; Pollock 2007; Stovel et al. 1996). For the indel,
these authors consider only the case of a single state independent indel value, and they
determine it by means of the same additive trick. This can be extended to vectors of
state dependent indels.

Formally, CAT sets the MD costs as the (weighted) sum of the domain costs of the
involved tokens. Let x;, be the ith token of the dth domain, x;;, ;,=
(Xi,» Xiys -+ Xi,) € d1Xd, ... dp, a combined token of the D domains, sc(x;, x;) the substi-
tution cost between x; and x;, and indel(x;) the cost of inserting or deleting x;. The additive
substitution and indel costs are

D
SC(Xiyiy s Xjujo.jp) = dZ Wasc(Xiy, Xj,) (1)
=1
and
D
indel(x;,;,.1,)= > wgindel(x;,), (2)
d=1

where w,; > 0 is the weight attributed to domain d. Such CAT costs verify the triangle
inequality when domain costs satisfy the inequality (see Appendix B).

CAT concerns substitution and indel costs and does not apply to distances that do
not take into account token dissimilarities, such as the nonaligning distance based on
the number of matching subsequences (Elzinga 2003), and the Euclidean and chi-
square distances between token distributions.

When substitution costs are set to 1 in all domains and all domain weights w, equal
1, substitution costs computed by means of CAT correspond to the number of domains
on which the combined tokens differ. More generally, when the substitution costs are
identical whatever the tokens and domains, the resulting CAT substitution costs are
proportional—twice if all substitution costs are 2—to the number of domains on which
the two combined tokens differ. This provides a straightforward interpretation.
Regarding the indel cost of inserting or deleting a state, in the case of a same unique
indel among domains (i.e., the same cost whatever the token and domain), the CAT
indel is this unique indel times the number of domains D.

The adequacy of CAT depends on what costs should reflect. For example, if one
can justify constant costs for each domain, and if MD costs should reflect the number
of domains on which two combined tokens differ, then CAT is the right choice.
However, one must ensure that the logic of the strategies for determining costs is con-
sistent between the domain and MD levels. For instance, when using CAT, if one
domain is itself MD (e.g., family formation sequences combining parenthood and mar-
ital status) and we choose constant costs for it, we must justify a different logic—the
CAT logic—for costs when combining that domain with another one (e.g., employ-
ment). Likewise, if we opt for INDELSLOG costs at the domain level and want to use
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the CAT logic for MD costs, a justification for why this state-frequency-based
INDELSLOG logic is not adopted at the MD level is necessary.

Independence Assumption behind CAT. CAT has important consequences because
it implicitly assumes that states occur independently in each domain. For example, con-
sidering the domains parenthood and marital status, CAT sets the same substitution
cost between “no child + single” and “child + married” as that between “child +
single” and “no-child + married.” In other words, it assumes the state observed at a
given position in a given domain is independent from the states occurring at the same
position in other domains. This would signify, for instance, that being a parent is inde-
pendent of marital status. This independence is a strong assumption that has so far been
ignored in the literature.

The assumption appears to contradict the objective of MD analysis, which is pre-
cisely to study the dependence between domains. However, MD analysis is primarily
concerned with the relationships between trajectories in different domains, whereas the
independence assumption of CAT concerns states occurrences. As discussed earlier,
these are different types of association. The trajectories of two domains may be related
even in the case of independence between states of the two domains and, conversely,
states of the two domains may be related in the case of independence between domain

trajectories.
Nevertheless, whatever the logic used for the domain costs, the CAT cost between
the combined tokens (x;,,x,, ...,X;,) and (x;,x;,, ...,x;,) will be the same for any

pair of combined tokens obtained by exchanging position by position elements
between the two original combined tokens, that is, by exchanging i and j indexes at
one or more positions d. When the combined tokens differ on all domains, there are

5;11 <§> other pairs that would receive the same CAT substitution cost.

To illustrate the distinctive nature of CAT costs, we compare CAT costs derived
from domain-specific INDELSLOG costs (INDELSLOG applied at the domain level)
with MD INDELSLOG costs (INDELSLOG applied at the MD level). Consider the
five sequences of the domains “parent” and “married” in Figure 2. Table 3 shows the
MD INDELSLOG costs and Table 4 the CAT costs.

The symmetry along the second diagonal—sc(c+m, n+s) = sc(c+s, n+m), for
example—holds for CAT costs (Table 4) but not for MD INDELSLOG costs (Table
3). Moreover, the CAT substitution costs between combined tokens that differ on both
items (on the second diagonal) are about twice the substitution costs between tokens
that differ on only one item; this is not true for MD INDELSLOG costs (Table 3). The
total number of unique costs in Table 4 is halved when CAT is applied, that is, reduced
from six to three. As regards indels, values for frequent combined states (n+s and
c+m) are clearly lower than values for less frequent combined states in Table 3 (MD
INDELSLOG), whereas CAT indels (Table 4) are much more similar. This example
shows that the two approaches may yield very different outcomes. The differences in
the results can lead to consequentially different conclusions in empirical research.
Therefore, it is important to justify the logic behind setting the costs, and especially
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Table 3. Toy Multidomain Sequences, Domains Parent and Married; INDELSLOG Costs for
Sequences of Combined States

ctm cts n+m n+s
c+m .000 978 .889 750
cts 978 .000 1.153 1.014
n+m .889 1.153 .000 925
n+s 750 1.014 925 .000
Indel 357 621 532 393

Note: Indel = insertion or deletion; INDELSLOG = frequency-based method for estimating indel and substitution
costs.

Table 4. Toy Multidomain Sequences, Domains Parent and Married; Cost Additive Trick
Costs Derived from the Domain-Specific INDELSLOG Costs

ctm cts n+m n+s
ct+m .000 578 576 1.154
cts 578 .000 1.154 576
n+m 576 1.154 .000 578
n+s 1.154 576 578 .000
Indel .543 .643 510 .610

Note: Indel = insertion or deletion; INDELSLOG = frequency-based method for estimating indel and substitution
costs.

CAT costs, in order to justify the assumption of independence between states of differ-
ent domains.

Appendix C reports results of a simulation analysis of the effects of the indepen-
dence constraint imposed by CAT. The results of the simulation show that the bias—
departure from unconstrained costs—increases with the strength of the state associa-
tion between domains. More specifically, for the simulated situations, the square root
of the computed distortion index—sum of the squared difference between each substi-
tution cost and all the costs that should equal it under the independence assumption—
increases linearly with Cramer’s v.

Deriving MD Distances from Domain-Based Distances

A simple method to assess dissimilarities between MD sequences from distances
within domains (magenta path in Figure 1) is the DAT (see, e.g., Han and Moen
1999). The DAT consists in summing, or combining linearly, dissimilarities computed
separately among the sequences of each domain.

Alternative ways to derive MD distances from domain distances, such as Robette
et al. (2015) GIMSA method, are based on principal coordinates of the sequences
derived from the dissimilarity matrix in each domain. Unlike additive tricks, such
methods do not require any independence assumption, but they are hard to calibrate
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because of their high sensitivity to the number of principal coordinates retained for
each domain. Moreover, GIMSA, for example, applies to the case of two domains
only. Instead of principal coordinates of the domains, we could consider numerical
indicators of the sequences, such as the mean spell duration, entropy, complexity, tur-
bulence, and, when applicable, integrative capability or insecurity (for details on these
indicators, see Ritschard 2021). We do not further detail these approaches here;
instead, we focus on DAT.

The DAT strategy assumes that dissimilarity in one domain is independent of the
dissimilarity measured in other domains, which implies, for example, that the distance

between sequences (c+s, c+s, . . ., c+s), remaining single with children, and (n + m,
n+m, ..., n+m), remaining married without children, is the same as between (n+s,
n+s, ... nts), remaining single without children, and (c+m, c+m, ..., c+m),

remaining married with children.

Independence between domain distances can be partially assessed by means of the
linear correlation between dissimilarities proposed by Piccarreta (2017). A statistically
significant correlation provides evidence for a lack of independence. However, a non-
significant correlation is not sufficient to support independence, because it does not
exclude a nonlinear relationship. To detect nonlinear relationships, one could categor-
ize the distances in each domain into a few classes and test the association between
the resulting classes with a nominal association measure, such as Cramer’s v.

An advantage of DAT over CAT is that it works with any distance measure; CAT,
in contrast, is limited to edit distances that use indel and substitution costs.
Computationally, summing dissimilarities is simple, but it requires first computing
and storing dissimilarities for each domain. Computing distance matrices by domain
necessitates more memory and computation time than does deriving MD costs with
CAT and then computing a single distance matrix with the CAT costs. When the gen-
eralized Hamming (i.e., OM without indels) metric is used at the domain and MD lev-
els, the CAT and DAT MD distances are identical (demonstration in Appendix D).

In Table 5 and Figure 3, the sum of domain distances is compared with IDCD
(INDELSLOG-based OM distances between MD sequences) and CAT distances for
each pair of domains of the toy example. Figure 3 shows the correlation between
IDCD, CAT, and DAT distances for the combination of the three domains and each of
the three combinations of two domains. In these examples, none of the CAT and DAT
distances systematically correlate more strongly with IDCD distances. Surprisingly,
the pairwise CAT and DAT distances are identical when we combine the parent and
married domains of the toy data. The reason is that here OM distances are equal to the
generalized Hamming distances (HAMs) at both the domain and MD levels, that is,
the minimal cost for transforming one sequence into the other is achieved for all pairs
of sequences with substitutions only. The equality also holds when using TRATE-
based costs or a unique substitution cost of 2 with an indel of 1 (results not shown,
available from the authors). However, the equivalence with Hamming does not apply
for variants of OM, such as OM of spell sequences (Omspell), localized OM (Omloc),
OM sensitive to spell length (Omslen), and OM of sequences of transitions (Omstran).
For a description of these variants, see Studer and Ritschard (2016).
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Table 5. Pairwise Distances between the Five Toy MD Sequences

Parent-Married Parent-Work Married-Work
IDCD CAT DAT IDCD CAT DAT IDCD CAT DAT

1-2 3.14 231 231 3.62 3.56 2.68 2.64 2.69 2.69
1-3 1.64 1.73 1.73 1.94 1.73 1.73 .98 1.16 1.16
1-4 3.14 4.04 4.04 4.74 4.34 3.26 3.01 3.77 2.69
1-5 2.74 1.73 1.73 1.92 1.15 1.15 1.87 1.73 1.73
2-3 2.93 1.73 1.73 3.93 3.47 2.03 3.63 3.84 3.77
2-4 5.57 4.03 4.03 5.59 5.39 5.39 3.89 2.99 2.51
2-5 438 4.04 4.04 4.65 4.24 3.36 3.65 3.94 3.94
3-4 4.78 5.77 5.77 5.71 5.05 4.51 3.99 4.05 3.37
3-5 3.59 2.30 2.30 2.88 2.20 2.20 1.74 1.53 1.06
4-5 4.10 4.62 4.62 4.78 4.34 3.26 4.88 4.42 442

Note: CAT distance = OM with MD CAT costs derived from domain INDELSLOG costs; DAT distance = sum of
domain INDELSLOG-based OM distances; IDCD distance = OM with INDELSLOG MD costs. CAT = cost additive
trick; DAT = distance additive trick; IDCD = independence from domain costs and distances; MD = multidomain;
OM = optimal matching.

Parent - Married Parent - Work
s 5
IDCD dist . . [ IDCD dist A /
/ - 5
r=076 CAT dist . r=0.99 CAT dist
/
r=0.76 r=1.00 DAT dist [ r=091 r=0.92 DAT dist
Married - Work Parent - Married - Work
IDCD dist fo IDCD dist . /-
g /
r=0.93 CAT dist g “1 r=0.91 CAT dist
r=091 =095 DAT dist [: r=0.87 r=0.97 DAT dist

Figure 3. Toy multidomain sequences; correlation between three different measures of
multidomain dissimilarities.

Note: CAT = cost additive trick; DAT = distance additive trick; dist = distance; IDCD = independence
from domain costs and distances.
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COMBINING DOMAIN TYPOLOGIES

With the first three strategies (IDCD, CAT, and DAT), the joint MD typology is
obtained by clustering the MD sequences from their pairwise MD distances. The dif-
ference between these three strategies consists in the method used to compute the MD
distances. The fourth strategy (CombT, blue path in Figure 1) bypasses the computa-
tion of MD distances and derives the joint typology directly from the typologies built
within each separate domain.

The basic principle of this fourth strategy consists in cross-classifying across
domains the types identified for each domain. An important issue with such cross-
classification is that it results in an unnecessarily large number of groups, including
many scarce groups (Raab and Struffolino 2022:chap. 5). Therefore, we recommend
supplementing such an operation with an aggregation mechanism that merges poorly
represented groups with other groups. For this purpose, we propose an agglomerative
method that aims to obtain groups with a user-defined minimum group size, and to
minimize the quality loss of the partition.

The proposed algorithm works as follows. If any group is smaller than the wanted
minimum group size, first apply the merger that minimizes the quality loss (as judged
by a clustering quality criterion) among all possible mergers of the smallest group with
another group, and repeat the operation until all group sizes satisfy the size limit. Once
no group is smaller than the wanted minimum size, apply the merger that minimizes
quality loss among all possible mergers of two groups. Repeat the last operation until
the quality loss exceeds a user-defined threshold, which can be set with reference to
the quality at the initial partition, at the partition at the previous iteration, or at each
iteration to the maximum quality hitherto reached. Alternatively, the process can be
stopped when a wanted number of groups is attained.

Any quality measure can be used, such as point biserial correlation, Hubert’s
gamma, average silhouette width (ASW), or pseudo R* (for a more complete list, see
Studer 2013). Note that pairwise distances between MD sequences are necessary to
compute the values of such quality measures, and one should choose among the strate-
gies described in the prior section to compute the distances. The use of MD dissimilari-
ties is necessary to assess the resemblance between the groups to be merged. Ignoring
the MD dissimilarities—by choosing, for example, mergers that maximize the agree-
ment of the resulting partition with the initial partition—could lead to the merging of
groups with very different profiles.

VISUALIZING TYPOLOGIES OF MD SEQUENCES

Once an MD typology is identified, the various groups are typically explored using
graphics. A first possibility is to render the MD sequences by group using the
expanded alphabet, that is, considering the MD sequences as regular sequences. The
main problem with this approach is the large size of the extended alphabet, which
makes it difficult, if not impossible, to find contrasting colors for the combined tokens
and complicates the display of the color legend. The solution we propose is to assign a
standard palette of light colors to the entire extended alphabet and then replace the
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colors of the £ most frequent combined tokens—with & being a number between, say,
8 and 12—with a contrasting palette. Restricting the color legend to these & main
tokens is often sufficient to identify the salient characteristics of the plots. Moreover,
the most frequent combined tokens, together with their frequencies, provide interesting
information about the links between the tokens of the different domains.

For a more detailed analysis of the parallel unfolding of the trajectories in the dif-
ferent domains, plotting the sequences separately for each domain is preferable. Such
plotting by domain is straightforward for chronograms (or “state distribution plots”),
that is, the display of the successive cross-sectional distributions of the states. When
the plot depends on choices that themselves depend on the plotted sequence sample,
such as the order of the sequences in index plots (where every trajectory is plotted)
(Scherer 2001), the selected representative trajectories in plots of representative
sequences (Gabadinho and Ritschard 2013), and the sequence order to build equally
spaced groups and identify their medoids in relative frequency plots (where a number
of medoid sequences efficiently summarize the sample of sequences) (Fasang and
Liao 2014), these choices must be made at the MD level and applied to all domains.
For example, in Figure 2, the same case order is used for the sequences expressed with
the expanded alphabet and for the sequences in each of the three domains, which
makes it possible to match sequences by their position. Thus, in the figure, sequence 5
corresponds to the same individual in all index plots shown.

Considering the MD typology, MD analysis consists in exploring the domain-
trajectory patterns within each MD type. This requires plotting sequences by type and
by domain, as in Figures 4 to 6, which depict the clustering results of the illustrative
three-domain analysis of Swiss life-courses (see the next section). In Figures 4 and 5,
the plots are organized by three domains (in rows) and four types (in columns). In
Figure 5, the sequences in the index plots are sorted by the first principal coordinate
vector of the MD distance matrix. Thus, for example, the top sequences in the three
plots for the full-timer group (first column) all correspond to the same cases. The
representative-sequence plots in Figure 6 are organized with types in rows and domains
in columns. The displayed sequences are the domain sequences corresponding to the
representative MD sequences of the type. For example, if the fourth MD sequence is a
representative sequence of the full-timers, we display, in the full-timers row, the fourth
sequence of each domain. The representative sequences of each type are displayed
using the same order for each domain. Likewise, the bar heights, which reflect the
number of MD sequences assigned to the representative sequences, are also the same
for the domain plots of a same type.

INTERLOCKED DOMAINS IN SWISS LIFE-COURSES

To provide an illustrative example, we analyze relationships between different life
domains using biographic data from the SHP. This application addresses a core ques-
tion in life-course research: how do the living arrangement, partnership, and employ-
ment trajectories jointly unfold from adolescence to the end of the working life?
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Living arrangement Work life Civil status
Criterion=density, coverage=51.3%
Full-timers
Criterion=density, coverage=36.7%
E ]
Long-part-timers \
Criterion=density, coverage=33.3%
Short-part-timers
Criterion=density, coverage=51.3%
Homemakers
11 16 21 26 31 36 41 46 51 56 61 11 16 21 26 31 36 41 46 51 56 61 11 16 21 26 31 36 41 46 51 56 61
@ wboth natural parents. O education @ Single
O wone parent and histher new partner O part time (< 50%) @ Married
@ w one parent alone B part time (50 - 89%) O Separated
@ wpartner O full time (90-100%) O Divorced
O w partner and parents or friends O multiple jobs | Widowed
O friends or in flat share B8 homemaker
@ alone O long term disease / invalidity
O other situation O unemployed
@ missing O other
B missing

Figure 6. Representative sequences of multidomain types (rows) by domain.
Source: Swiss Household Panel data.
Note: See the online version of the article for a color version.

Notwithstanding important changes in the course of the past century, Switzerland
has been classified as a conservative-liberal welfare state (Esping-Andersen 1990;
Scruggs and Allan 2006; Tabin 2002). Several traditionalist elements have continued
to characterize the country’s institutional arrangements and social norms: for example,
limited childcare options and a traditional gender division of labor have persistently
favored a male breadwinner model.

However, Switzerland has experienced trends characterizing the second demo-
graphic transition (Lesthaeghe 2010): a more widespread experience of multiple living
arrangements after leaving the parental home and before entering a union (typically
marriage for the older cohorts, more likely cohabitation for the youngest ones), the
postponement of marriage and cohabitation, increased divorce rates, and delayed tran-
sition to parenthood.

These demographic dynamics are coupled with transitions out of education into the
labor market, which has become more differentiated in recent decades, partly because
of the increasing availability of employment arrangements other than full-time jobs
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Table 6. Alphabet by Domain

Living arrangement (LA)

With both parents
With one parent and the parent’s partner

PA With one parent alone
UNI With partner
UNO With partner and parents or friends
FFS With friends or flat share
ALO Alone
OTH Other situation
* Missing
Work life (WL)
EDU Education
SPT Short part-time
PTI Part-time
FTI Full-time
MJO Multiple jobs
HOU Homemaker
INV Invalid
UNE Unemployed
OTH Other situation
* Missing
Civil status (CS)
SG Single
MA Married
SP Separated
DV Divorced
WD Widow

(e.g., part-time work) and second jobs (Perrenoud 2020). Temporary contracts and the
unemployment rate have remained relatively low compared with most European coun-
tries, although long-term unemployment is more widespread than the OECD mean
(Lalive and Lehmann 2020). Covering the age span 20 to 45, previous research shows
that in Switzerland, employment trajectories have become more destandardized across
cohorts in a highly gendered manner (Widmer and Ritschard 2009).

Data

For this illustrative application, we extracted life trajectory sequences from the SHP
biographic data collected in 2001 and 2002. We considered three domains: living
arrangement (LA), work life (WL), and civil status (CS). For WL, we assume that
missing values before the first valid state correspond to education. We reduced—via
state merging—the size of the alphabet from 11 to 8 states (plus the missing token) for
LA and from 19 to 9 states (plus the missing token) for WL. There are no missing val-
ues for CS, and we retained all five valid tokens. Table 6 reports the alphabet for each
domain.

We truncated sequences from the left at age 11 and from the right at age 61 and then
dropped sequences with fewer than 36 valid states. The analyzed data comprised 1,903
life sequences between 36 and 51 years’ length of individuals born between 1909 and
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Table 7. Pairwise Association between Domains

Cramer’s v pv) Pearson’s r p()
LA with WL 29 .0000 —.002 .0375
LA with CS 46 .0000 509 .0000
WL with CS 34 .0000 —.001 2577

Source: Swiss Household Panel data.

Note: Cramer’s v measures state association. Pearson’s correlation » among domain dissimilarities (INDELSLOG-
based optimal matching distances) measures association between trajectories. CS = civil status; INDELSLOG =
frequency-based method for estimating indel and substitution costs; LA = living arrangement; WL = work life.

1957. This means we had to compute @ =1,809, 753 pairwise dissimilarities. The
expanded alphabet for the three-domain sequences included 229 observed combined
tokens, for which we needed 26,106 substitution costs and 229 indel costs.

Table 7 shows pairwise between-state and between-trajectory association measures
for the three domains considered. State association is reflected by Cramer’s v, and tra-
jectory association by Pearson’s correlation » between within-domain dissimilarities.
Dissimilarities within each domain are measured with INDELSLOG-based OM dis-
tances. We see a clear state association between all three pairs of domains. Regarding
trajectory association, the linear correlation between LA and CS is quite strong. The
(negative) correlation between LA and WL has poor statistical significance, and the
correlation between WL and CS is statistically insignificant. Unsurprisingly, LA and
CS are the most tightly linked domains in terms of both state association and trajectory
association. These results justify a joint MD analysis. They also provide evidence that
using additive tricks, especially CAT, would impose severe restrictions on the resulting
MD distances. Therefore, we proceeded with the IDCD strategy, that is, we set costs
directly at the MD level.

MD Analysis Using IDCD Distances

We now conduct an MD analysis of the three domains LA, WL, and CS, using
INDELSLOG-based OM distances between the MD sequences (IDCD distances,
orange path in Figure 1). Figures 4 to 6 show chronograms, index plots, and represen-
tative sequence plots, respectively, of a partitioning around medoids (PAM) clustering
into four groups. In Figure 6, the representative sequences have been searched among
the MD sequences using the density criterion with a neighborhood radius of 20 per-
cent of the greatest observed pairwise distance between MD sequences. For each
group, the six nonredundant densest MD sequences (i.e., sequences with the densest
neighborhood that do not lie in the neighborhood of another densest representative)
are displayed separately for each domain. The height of the bars is proportional to the
number of sequences assigned to the representative, with each sequence assigned to its
closest representative.

Looking at Figures 4 to 6, it is apparent the clustering is driven by the WL domain.
The first group contains trajectories with a long spell of full-time work following
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Table 8. Distribution of Gender by Cluster

Full-Timers Long Part-Timers Short Part-Timers Homemakers
Man 876 27 8 1
Woman 312 172 169 338

Source: Swiss Household Panel data.

education; the second group corresponds to trajectories with an important spell of long
part-time employment starting after either education, a full-time job, or a spell at home
as a homemaker. The third group comprises people who have short part-time employ-
ment after either a period at home, directly after a full-time job, or after a long part-
time job. The last group comprises people who stay at home as homemakers after edu-
cation or after a short period of full-time work. In the Swiss context, where childcare
options are limited and social norms as well as the institutional setting have persis-
tently favored the male breadwinner model, women are more likely to experience
employment trajectories as identified by the last three clusters. Table 8 confirms that
the great majority of men belong to the full-time worker group, whereas women are
more equally distributed across the four MD clusters.

There are fewer variations across groups when we consider the other two domains.
Nevertheless, we see that living alone is more frequent among full-timers (third group)
and almost none of the short part-timers live alone between the ages of 25 and 50; short
part-timers are more likely to live with a partner during this age interval. Looking at
the CS, full-timers tend to enter marriage later, and the proportion of divorced people
is higher among long part-timers and full-timers than in the other two groups.

Clustering Results Based on Alternative Strategies

The foregoing analysis was based on the cluster solution derived from IDCD distances,
that is, the first strategy (orange path) in Figure 1. We now examine how the cluster
solution would change if we used alternative strategies, namely CAT costs (green
path), DAT distances (magenta path), or the merging of combined domain cluster solu-
tions (the CombT solution, blue path). We start with cluster solutions obtained with
alternative MD distances.

Figure 7 shows the correlations among IDCD, CAT, and DAT distance measures.
CAT and DAT distances are similar (» = .99), but they differ significantly from the
IDCD distances used in the previous section. Therefore, we can expect that the typolo-
gies obtained using CAT and DAT distances will significantly differ from the typol-
ogy on the basis of IDCD distances.

Figure 8 shows chronograms of the three-cluster solutions. Chronograms are dis-
played using the expanded alphabet of the MD sequences, but the color legend lists
only the main (the 12 most frequent) state tokens out of the 229 tokens of the alphabet.
The first row in the figure corresponds to the solution based on IDCD distances used
in the previous section. The IDCD solution, in which a combined token clearly
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IDCD dist I
. r=0.86 CAT dist
r=0.85 r=0.99 DAT dist s
6 0 om oW 0 = @ o @ 4 wm @ w0 o

Figure 7. Correlation between different MD measures of dissimilarities between the three-
domain sequences.

Source: Swiss Household Panel data.

Note: CAT dist = OM with MD CAT costs derived from domain INDELSLOG costs; DAT dist = sum
of domain INDELSLOG-based OM distances; IDCD dist = OM with INDELSLOG MD costs. CAT =
cost additive trick; DAT = distance additive trick; IDCD = independence from domain costs and
distances; MD = multidomain; OM = optimal matching. See the online version of the article for a color
version.

dominates each type, appears to be the easiest to interpret. The figure shows that the
cluster solutions obtained using CAT or DAT distances significantly differ from the
IDCD solution. In particular, the content of the third cluster of the CAT and DAT solu-
tions looks very different from the third cluster (short part-timers) of the IDCD solu-
tion, and the content of the second cluster of the DAT solution strongly differs from
the second cluster (long part-timers) of the IDCD solution. The values of the Rand
index in Table 9 confirm that the agreement between IDCD and CAT solutions is
closer than between IDCD and DAT solutions.

We now examine the approach on the basis of the ex post combination of the typolo-
gies identified by independent clustering of the different domains. From the results dis-
played in Figures 4 to 6, the MD clustering seems driven mainly by the WL sequences.
Therefore, we cluster (using INDELSLOG-based OM distances) the WL domain into
four groups, and the two other domains, LA and CS, into two groups. Combining the
resulting domain clusters defines a partition into 2 - 4 - 2 = 16 groups. The Rand agree-
ment index with the 16-group cluster solution of the MD sequences is (.77, indicating
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1 21 31 41 51 61 1M1 21 31 41 51 61 1M 21 31 41 51 61 1 21 31 41 51 61
© 1PA+EDU+SG M BPA+FTI+SG @ UNI++MA @ UNI+HOU+MA
. © ALO+FTI+SG @ OTH+EDU+SG B UNMFTI+MA @ UNI+PTI+MA
main states B BPA+EDU+SG B OTH+FTI+SG B UNI+FTI+SG E UNMHSPT+MA

Figure 8. Multidomain sequences combining living arrangement, work life, and civil state
domains.

Source: Swiss Household Panel data.

Note: Four-cluster partitioning around medoids solution using optimal matching with IDCD, CAT, and
DAT multidomain distances and four-group solution (CombT) obtained by merging combined domain
types. 1PA = with one parent alone; ALO = alone; BPA = with both parents; CAT = cost additive trick;
CombT = merged combined domain types; DAT = distance additive trick; EDU = education; FTI = full-
time; IDCD = independence from domain costs and distances; HOU = homemaker; MA = married; OTH
= other situation; PTI = part-time; Rel. Freq. = relative frequency; SG = single; SPT = short part-time;
UNI = with partner; * = missing. See the online version of the article for a color version.

that 23 percent of all pairs of sequences that are in the same group of one partition are
in different groups of the other partition.

To facilitate comparison with the cluster solutions from the three strategies based
on MD distances that we discussed earlier, we reduced the 16 groups of combined
domain types to four by successively merging the two groups whose merger maxi-
mized the gain in cluster quality—or minimized quality loss in the case of quality
deterioration. We selected the ASW as the clustering quality criterion and merged
groups until we had four (CombT solution). The last column of Table 9 shows that the
agreement with the three solutions based on MD distances ranged from 0.73 (DAT) to
0.84 (CAT). These values indicate that while there is some similarity with the previous
solutions, the partition derived from combined domain types markedly differs from
the three solutions obtained by clustering MD sequences from their pairwise MD
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Table 9. Rand Index between Four-Cluster Solutions Based on IDCD, CAT, and DAT
Distances and the Four Groups (CombT) Obtained by Merging Combinations of Domain
Types

CAT DAT CombT
IDCD .79 .63 79
CAT .76 .84
DAT .73

Source: Swiss Household Panel data.

Note: CAT distance = OM with MD CAT costs derived from domain INDELSLOG costs; DAT distance = sum of
domain INDELSLOG-based OM distances; IDCD distance = OM with INDELSLOG MD costs. CAT = cost additive
trick; CombT = merged combined domain types; DAT = distance additive trick; INDELSLOG = frequency-based
method for estimating indel and substitution costs; MD = multidomain; OM = optimal matching.

distances. This is confirmed by comparing the last row (CombT) in Figure 8 with the
first three rows.

CONCLUSIONS

MD sequence analysis examines the relationship between parallel trajectories in sev-
eral domains. The usual approach consists in building a typology at the MD level and
then examining how sequence patterns defined by this joint typology in one domain
are related to sequence patterns in other domains. As we have illustrated, the outcomes
from this approach are very sensitive to the strategy used to build the MD typology.
Like any dissimilarity-based analysis, MD sequence analysis is sensitive to the dissim-
ilarity measure chosen. However, the issue is exacerbated in MD sequence analysis,
where one needs dissimilarities at the MD level in addition to dissimilarities measured
at the individual domain levels. Such MD dissimilarities can be obtained by applying
usual sequence dissimilarity measures to the MD sequences defined with the expanded
alphabet (IDCD distances) or by using the tricks proposed in the literature to derive
MD dissimilarities from domain characteristics (domain costs for CAT and domain
dissimilarities for DAT).

A further approach to building MD typologies is the cross-classification of the types
identified at the domain level. A cross-classification of this kind does not require MD
dissimilarities. However, it generally generates too many types, so it is frequently unu-
sable. Consequently, we proposed an aggregation process with which to optimally
merge cross-classified types. The process uses MD dissimilarities to account for the
resemblance between groups, making the outcome also dependent on the strategy cho-
sen to determine MD dissimilarities.

What strategy should be chosen in light of our critical review and assessment?
IDCD distances, that is, MD distances computed by considering MD sequences as reg-
ular sequences, can be used when their logic makes sense at the MD level. For
instance, OM with MD INDELSLOG costs would be justified when one prefers insert-
ing, deleting, and substituting frequently occurring combined tokens to align pairs of
MD sequences. The only limitation of edit distances based on substitution and indel
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costs concerns theory-based costs, which may be difficult, if not impossible, to set
and justify when the expanded alphabet becomes very large. Feature-based and
data-driven costs remain applicable in any case, and likewise distances that do not
use costs such as chi-square distances or distances based on the number of matching
subsequences.

The additive tricks (CAT and DAT) furnish simple specific interpretations and can
be of interest to sequence researchers. For example, CAT may be justified if one wants
to use MD costs to reflect the number of domains on which combined states differ.
However, we have shown that CAT assumes state independence among domains and
DAT sequence independence among domains. This suggests CAT and DAT should be
used only when such assumptions hold, that is, in paradoxical situations of domain
independence where it does not make sense to conduct an MD analysis. One may want
to use CAT and DAT even if domain independence does not hold, for example,
because the resulting costs and distances are simpler to interpret. In such cases, one
should be aware of the constraints the procedure imposes between MD costs for CAT
and between MD dissimilarities for DAT.

With regard to CAT, analysts should ensure that using MD costs proportional to the
number of domain mismatches at the MD level remains coherent with what domain
costs reflect. The CAT method applies only to MD distance measures based on substi-
tution and possibly indel costs, whereas the DAT approach, which applies to any dis-
tance measure, has a broader scope. To avoid any independence assumptions between
domains when computing MD dissimilarities, we suggest using IDCD distances, that
is, distances that use neither domain costs nor domain distances. Contrary to what is
sometimes stated in the literature, IDCD edit distances remain easily manageable with
data-driven costs for large alphabets, as demonstrated in our analysis of three inter-
locked domains of Swiss life-courses.

Whatever the MD distance used, nothing guarantees the MD cluster solution will be
coherent with the groups identified through an independent analysis of each group (for
how coherence between MD and domain solutions can be tested, see Piccarreta 2017).
Merging combined domain types ensures coherence between MD and domain types by
construction. We consequently recommend the combine-and-merge approach when the
objective is coherence between MD and domain groups.

Computationally, merging combined domain types is the most time-demanding
method because of the merging process. IDCD data-driven costs and CAT costs are
computed in a reasonable time span, for example, in less than a minute—using
Windows with an 17 processor at 3 GHz with 20 GB random-access memory—for the
three domains analyzed in the application. Whatever the costs used, the computation
time of pairwise dissimilarities remains the same. Summing distances saves the calcu-
lation time necessary to compute MD costs when such costs are required, but it entails
the computation of a matrix of pairwise dissimilarities for each domain. Computing
such matrices may be necessary in any case if one wants to analyze each domain
separately.

In addition to the strategies for building MD typologies, MD analysis requires spe-
cific visualization tools with which to present sequences in groups or clusters by
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domains. In particular, we highlighted that, when plotting individual or representative
sequences by groups and domains, one must respect the same sequence order across
domains. At present, few computer programs produce plots that can automate such
representations. The only one we know of is the R package seqHMM developed by
Helske and Helske (2019), which generates an MD index plot. Graphs of this kind
warrant further development. Another aspect worth investigating is assessment of the
impact of covariates on the association between domains. A potential solution would
be to examine the differential correspondence between domain association and covari-
ates. For example, if we observe that the association between family and work trajec-
tories is stronger for women than for men, we will likely have evidence that gender
affects domain association.

APPENDIX A

List of Abbreviations

ASW Average silhouette width

CAT Cost additive trick

CombT Merged combined domain types

CS Civil status

DAT Distance additive trick

IDCD Independence from domain costs and distances

Indel Insertion or deletion

INDELSLOG Frequency-based method for estimating indel and substitution costs
OM Optimal matching

LA Living arrangement

MD Multidomain

PAM Partitioning around medoids

SHP Swiss Household Panel

TRATE Transition rate—based method for estimating substitution costs
WL Work life

APPENDIX B: TRIANGLE INEQUALITY FOR CAT COSTS

If the domain costs applied verify the triangle inequality for each domain, then MD costs
derived via CAT satisfy the triangle inequality too.

Demonstration

Assuming the substitution costs sc satisfy the triangle inequality for each domain d, we
have

sc(xiy, xj,) < sc(xi,, xx,) +sc(xj,, xp,), ford=1,...,D

and, therefore, using the additive trick (equation 1), we get
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Sc(xiliz.,.ipﬂxk]kzu.kp)+Sc(lejz..jpaxk1k2.ukp)
=3 Ise(xi,, xi,) +sc(x;,, xx,)]
2 Zd Sc(xid’xjd)=Sc(xiliz-»-iD9lejzu.jy)a

which is the triangle inequality for MD CAT costs.

APPENDIX C: SIMULATION: DISTORTION INDUCED BY CAT

Here, we use a simulation to analyze how the bias introduced by the CAT independence
assumption evolves with the strength of the association between domains. We consider three
domains with the alphabets {4, B, C}, {G, H, I}, and {X, Y, Z}. At each run, we generate, inde-
pendently for each domain, » = 1,000 random sequences of length ¢ = 20, with up to four spells
in each sequence.

Each sequence is generated by randomly selecting four states (one per spell) in the alphabet
and assigning a random number between 1 and ¢ as spell duration. The durations of the last
spells are then adjusted such that the total sequence duration is ¢. For instance, if the selected
numbers are 4, 14, 5, and 10, the successive durations will be 4, 14, 2, and 0, and the sequence
will contain only three spells. When the sum of the four numbers is less than ¢, the last duration
is expanded to make durations sum to /. For example, drawing 4, 3, 5, and 2, the durations
would be 4, 3, 5, and 8.

We then introduce state dependence between the first two domains by randomly selecting
for each case a proportion p of the £ = 20 positions. At each selected position, where the state of
the first domain is the kth element of the alphabet, we turn the state of the second domain also
to the kth element of its alphabet. For example, if we have a B (the second element of the first
alphabet) at the selected position for the first domain, we force the state at this same position to
be an H (the second element of the second alphabet) for the second domain. The larger p, the
higher is the tendency of each state of the first domain to co-occur with a specific state of the
second domain. We repeat the above run 50 times for each of the five values 0.1, 0.3, 0.5, 0.7,
and 0.9 of p.

For each run, we determine substitution costs using the INDELSLOG method. Then, we
compute a distortion index to assess by how much costs constrained by the independence
assumption depart from unconstrained costs. We define the distortion index as the sum over the
pairs of combined state tokens of the squared differences between the substitution cost of the
pair and the costs of all pairs that should have the same cost under the independence con-
straints. The latter are combined tokens obtained by switching between tokens one or two ele-
ments of the considered combination. For example, we compare the pair [(4, G, X), (B, G, V)],
with the pairs [(B, G, X), (4, G, V)], [(4, G, V), (B, G, X)], and [(B, G, Y), (4, G, X)], that is,
with all pairs that would get the same substitution cost as the original pair with CAT. Formally,

distortion= 3" 37 (s¢; — s¢, ), (3)
p<EP jES(p)

where P is the set of pairs p of combined states, S(p) the set of pairs j obtained by switching
elements between the pair p, and sc; and sc,, the substitution costs for the pairs j and p, respec-
tively. Table 10 shows the mean values of the state association between the first two domains
as measured by Cramer’s v, the mean value of the distortion, and the standard deviation of the
distortion for domain-independence (first row in each panel) and after insertion of dependence
between the first two domains (second row in each panel.)
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Table 10. Simulation: Mean State Association between First Two Domains and Mean
Distortion Values for a Range of Proportions p of Enforced State Co-occurrences

D A 3 .5 i 9
Mean Cramer’s v
Independence .024 .024 .023 .026 .021
Association .104 302 .500 701 .900
Mean distortion
Independence .051 .049 .046 .051 .043
Association 199 1.373 3.687 7.165 11.731
Standard error of mean distortion
Independence .002 .002 .002 .002 .002
Association .005 011 .015 .012 .007

The simulation clearly shows that distortion—sum of squared departure from unconstraint
costs—increases with the strength of the state association. Although the distortion is significant
in the case of independence, that is, when sequences are generated independently by domain, it
remains low and only becomes significantly greater in size with the presence of association.
Note, too, that Cramer’s v nicely mimics the proportion of positions in the sequences where we
imposed state co-occurrence to generate domain association.

APPENDIX D: EQUALITY BETWEEN HAM-BASED CAT AND DAT
DISTANCES

Demonstration

The generalized HAM is OM without indels. It requires sequences to be of equal
length. Assuming the cost matrix satisfies the triangle inequality, the HAM distance
between two sequences s; and s; is the sum of the costs for substituting the token at
each successive position in one sequence with the token at the same position in the
other sequence:

0
duam(si, ;)= Y sc(Sik, Sjk)-
=
Assume each element s;; and sj; of sequences s; and s; is a combination of states of
multiple domains, which we denote as sy = f‘lz i that is, we use un upper k& index to
indicate the position in the sequence, and let sc(sy, s Jk) for k= .., £, be CAT costs.
According to equation (1), sc(sik, Sjx) = Z d=1 wasc(sk ,1)' Replacing in the equation
above, we get the CAT MD HAM, which reads

D
duam(si, ;) = Zdesc(s” 8i,)

k=1d=1

D
Z Z sc(sld ]]; )]

ig?



Ritschard et al. 317

Table 11. Rand Index between IDCD, CAT, and DAT Cluster Solutions

LA, WL LA, CS LA, WL, CS
IDCD with CAT .740 736 187
IDCD with DAT 744 137 .635
CAT with DAT 954 902 7156

Source: Swiss Household Panel data.
Note: CAT = cost additive trick; CS = civil status; DAT = distance additive trick; IDCD = independence from
domain costs and distances; LA = living arrangement; WL = working life.

The sum between square brackets in the last line is the HAM in the dth domain, which
shows that CAT MD HAM is equal to the (weighted) sum of domain HAMs.

APPENDIX E: CLUSTERS FOR TWO TWO-DOMAIN ANALYSES

From Table 7, the association between LA and CS is stronger than between LA and WL. We
cluster MD sequences, jointly considering successively domains LA and WL, and domains LA
and CS. In each case, we compute the PAM four-cluster solution by using IDCD distances (MD
INDELSLOG-based OM distances), CAT distances (MD OM distances with CAT costs derived
from domain INDELSLOG costs), and DAT distances (sum of domain INDELSLOG-based
OM distances.) We evaluate agreement between pairs of cluster solutions using the Rand index
(Rand 1971) (see Table 11). The table also reports the Rand index between the solutions found
when jointly clustering the three domains.

Agreement of IDCD with CAT and DAT distances is slightly lower for the more strongly
associated domains LA and CS than for LA and WL. More importantly, only the left cluster
strongly differs between the IDCD solution and the two others in Figure 9 for LA and WL,
whereas there are marked differences for clusters in columns 1 and 4 in Figure 10. For the two
clusterings of two-domain sequences, agreement between CAT and DAT based solutions is
higher than with IDCD solutions; for the clustering of the three-domain sequences, the best
agreement is between IDCD and CAT.
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