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Abstract  

Sequence analysis in the social sciences heavily relies on cluster techniques to identify typologies. 

Clustering techniques and statistical cluster cut-off criteria for selecting the optimal number of 

clusters have greatly improved. In contrast, we lack a systematic assessment of how data features, 

such as the sequence sample size, the number of time points in the sequences, and the number of 

distinct states in the sequence alphabet might systematically impact the identification of sequence 

typologies. Drawing on both simulated data from mixture Markov models and real data from the 

German Family Panel survey, we provide best-practice guidelines for applied researchers to gauge 

whether their data is sufficient for extracting robust sequence typologies, if they empirically exist. 

Sequence typologies are most robust for samples with at least 500 sequences, sequence lengths 

greater than 10 time points, and state alphabets that have at least as many states as the “true” 

number of clusters. 
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1. Introduction 

Sequence analysis is widely used in social and demographic research to analyze life trajectories of 

categorical states (Cornwell 2015; Aisenbrey and Fasang 2010; Brzinsky-Fay and Kohler 2010). A 

key features of sequence analysis is that it offers a holistic approach to analyze detailed descriptions 

of people’s life trajectories as they unfold over time as units of analysis (Abbott and Tsay 2000). To 

reduce complexity, researchers typically apply cluster techniques to create ideal typical groups that 

summarize the most characteristic differences between groups of life trajectories (Ritschard and 

Studer 2018; Barban and Billari 2012). For example, Aisenbrey and Fasang (2017) applied a 

sequence typology approach to classify typical parallel work-family trajectories in Germany and the 

United States. Compared to Germany, typical work-family life courses in the United States are less 

gendered but more class-stratified. 

A contested issue in sequence analysis is to what degree life course typologies are 

statistically robust (Studer 2021). Scholars have developed a number of effective methods to 

measure differences between sequences (Ritschard 2021; Studer 2013) and improve cluster 

techniques for identifying ideal types in the data (Studer and Ritschard 2016; Studer et al. 2010). 

Yet, we lack a basic understanding of the importance of data limitations for the identification of 

sequence typologies (for an early remark, see Gabadinho et al. 2009b). For example, it is unknown 

to what degree small sequence sample sizes, short sequence lengths, or too many categories with 

few observations in the sequences compromise the identification of robust sequence typologies. 

These questions are of crucial importance for applied researchers to prepare their data for sequence 

analysis and evaluate the soundness of the resulting typology. 

Typically, researchers explore the robustness of sequence typologies by applying 

different cost specifications when calculating dissimilarities between sequences (Aisenbrey and 

Fasang 2017), or evaluating cluster solutions with different numbers of clusters (Piccarreta and 
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Struffolino 2019). Recently, studies started to exclude poorly classified sequences from clusters 

based on low silhouette values when clusters are used as dependent or independent variables in 

further regression-based analyses (Jalovaara and Fasang 2020). Although such explorations are 

useful for evaluating sequence typologies and limiting the influence of poorly classified sequences 

in the clusters for further analyses, they do not provide any guidance on the sensitivity of sequence 

typologies to data features. Formal guidelines on the influence of data features are particularly 

important in comparative analyses that rely on different types of data, such as, prospective data, 

retrospective survey data, and administrative registers (Fasang et al. 2022). When data come from 

different sources, we have even less guidelines to evaluate whether results are artifacts of different 

characteristic of data sets, or substantially meaningful. 

To address this gap, we develop a set of formal guidelines to deal with the uncertainty 

in identifying the optimal number of types in a cluster-based typology for sequence data. Inspired 

by previous work on how to construct typologies (Studer 2013; Shalizi 2009), we argue that a valid 

typology should be generalizable to other observations and thus not dependent on the sampling. Our 

analyses demonstrate how three types of data challenges systematically affect the identification of 

ideal types in sequence analysis, that is, 1) size of the sequence sample (i.e., number of sequences), 

2) the number of time points (sequence length), and 3) the number of distinct states in the sequence 

alphabet (alphabet length). These three data challenges correspond to issues that every sequence 

analysis study has to address and researchers have to make choices about. Based on a simulation 

approach with mixture Markov models, we analyze 540,000 samples from simulations that allow us 

to specify a “true” number of clusters under different scenarios for the data structure. In addition, 

we analyze 135,000 samples drawn from real data of the German Family Panel survey (Pairfam) 

(Huinink et al. 2011). Findings show similar patterns across the simulated and the real data based on 
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which we specify formal guidelines for how to evaluate cluster solutions in view of data features, 

and how to make key analytical choices in applied sequence analysis.  

 

2. Challenges for identifying sequence typologies 

There are both methodological and data-related challenges to identifying the optimal or “true” 

number of types in a cluster-based sequence typology, assuming that the empirical distributions in 

the data indeed reflect a meaningful typology. To identify the “true number of groups” cluster 

analyses should inform 1) whether there is any meaningful group structure in the data or not, and 2) 

what the optimal number of groups is, that is, the cluster typology that is most discriminant with 

internally homogeneous groups that are distinct from the other groups and are theoretically and 

substantively meaningful. Both of these goals can be compromised by methodological choices 

related to the sequence distance measure and clustering algorithm or by data limitations. While a 

large and rich literature has discussed the methodological challenges of evaluating robustness of 

typologies to using different distance measures (Wu 2000; Studer and Ritschard 2016) and different 

clustering algorithms (Studer 2013, 2021), surprisingly few studies have discussed data-related 

challenges, such as the minimum necessary sequence sample size, number of time points, or 

number of distinct states in the sequence alphabet. As a result, researchers tend to approach 

sequence analysis with few systematic guidelines on how data availability and methodological 

choices might jointly and systematically affect their results. 

To systematically evaluate three common data-related challenges in identifying robust 

cluster-based sequence typologies, we use life course research as a case and specifically focus on 

family life courses. Life course researchers typically apply sequence analysis to identify clusters 

(often understood as ideal types) that describe representative trajectories for individuals belonging 
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to different social groups, for example, between cohorts (Buchmann and Kriesi 2011; Billari 

2001a), social classes (Andrade 2016; Bühlmann 2010), and countries (Aisenbrey and Fasang 2017; 

Elzinga and Liefbroer 2007). Even studies focusing on dyadic trajectories, for example between 

parents and children or between siblings tend to use cluster typologies to highlight important 

differences between subgroups (Karhula et al. 2019; Raab et al. 2014). More recently, the process-

oriented perspectives of sequence analysis to create proliferated from social and demographic 

research into other fields, such as history and political science (Ritschard and Studer 2018; Barban 

and Billari 2012). An overview and introduction to the basics of social sequence analysis can be 

found in Cornwell (2015), Raab and Struffolino (2022), and Liao et al. (2022). 

To group sequences into a typology, researchers typically follow a two-step approach 

(Raab and Struffolino 2022; Liao et al. 2022; Cornwell 2015; Aisenbrey and Fasang 2010). First, 

optimal matching (OM) techniques calculate a pairwise distance matrix between all possible pairs 

of sequences. Second, this distance matrix enters clustering techniques to identifying groups of 

ideal typical trajectories (Abbott and Tsay, 2000). Since Abbott (1990) introduced sequence 

analysis into the social sciences, OM techniques have been the subject of much criticism (Warren et 

al. 2015; Aisenbrey and Fasang 2010; Brzinsky-Fay and Kohler 2010). While some of the 

criticisms relate to theoretical matters about a lack of sociological meaning when implementing a 

method from biology and computer science (Levenshtein 1965) in the social sciences (Levine 2000; 

Wu 2000), others address mainly methodological and to a much lesser extent data issues that could 

compromise the robustness of sequence typologies (Warren et al. 2015; Barban and Billari 2012). In 

response to the criticisms, methods for calculating sequence distances and clustering algorithms 

have greatly improved (for a comprehensive review see Studer 2021 and Studer and Ritschard, 

2018). However other issues, especially the sensitivity of typologies to data features, remain largely 
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unaddressed but might be just as consequential for the resulting typologies. In the following, we 

therefore focus on three key data challenges in the identification of typologies from sequence data: 

 

a) Too few sequences. As stated by Lieberson (1991:306), no empirical study should use any 

type of statistical methods in small N cases without “rigorous justifications of heroic assumptions 

and a guard against possible distortions”. Yet, studies using sequences analysis rarely discuss issues 

of small sample size that is, having only few sequences. The units of analysis are usually individual 

sequences but the sequences can also pertain to dyads, households or other aggregate units, such as 

countries. Typical sample sizes in studies that extract cluster-based typologies range from just 400 

to 500 sequences using survey data on individuals (Struffolino et al. 2020; Fasang and Raab 2014) 

to more than 10,000 sequences extracted from register data (Karhula et al. 2019, Raab et al. 2014, 

Jalovaara and Fasang 2020). Studies using sequences from household panel surveys, a very 

common data source, often analyze between 500 and 1,500 individual sequences. Due to panel 

attrition, sample sizes dwindle quickly in analyses that follow individuals over more than a decade 

or two. Researchers commonly include missing value states in the sequence alphabet or broaden 

sample inclusion criteria to maximize sample size of the sequences but it is unclear which target 

sample sizes would have to be achieved to enable extracting a reliable typology. In addition, due to 

various technical limitations for implementing survey weights, sequence studies often do not use 

weights to compensate for small sample size, which can also compromise the representativeness of 

the resulting descriptive typologies (Mikolai and Lyons-Amos 2017). Some studies present 

weighted and unweighted typologies, usually as robustness checks (Aisenbrey and Fasang 2017; 

Liao et al. 2022). 
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b) Too few time points. A related challenge of insufficient data is a too short sequence length 

to capture the social process of interest. For example, to analyze employment sequences around a 

job loss, longer time periods after first re-employment have to be observed to assess, whether re-

employment was enduring or individuals continue to cycle in and out of low paid jobs with 

recurrent intermittent unemployment (on the relationship between time and social context see 

Abbott 2001). Two issues are at play. First, the length of the observation window, that is whether a 

process needs to be observed for only a few days or for decades. Second, the number of time points 

in the sequence, which depend on the observation window and the time intervals observed: days, 

months, or years for example. Which observation window and time intervals are necessary to 

capture the relevant patterns is a substantive and theoretical question. In the following, we focus on 

the number of time points in the sequences, which results from both the observation window and 

the time intervals considered. For example, for family formation sequences, relatively long time 

windows (ages 15 to 40) are sensible to capture the entire reproductive phase but a yearly or at most 

half-yearly interval will suffice as individuals usually do not change their marital, cohabitation and 

parenthood status on a monthly basis. Annual observations would result in a sequence length of 25 

time points between ages 15 and 40, half-yearly intervals would imply 50 time points. Most 

sequence analyses rely on yearly panel or register data, or monthly retrospective life course data. 

Notable exceptions are 15-minute intervals in the course of a day in time use research using 

sequence analysis (Lesnard, 2006, Vagni, 2019). Yearly sequences start at five year-long sequences 

with monthly sequences going up to several hundred time points (Aisenbrey and Fasang, 2017). 

There has been practically no discussion in the literature about how and whether the number of time 

points in a sequence, a key potential source of insufficient data, systematically affect the 

identification of sequence typologies. 
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c) Too few distinct states in the sequence alphabet. As with other types of quantitative 

analyses, too few categories of a variable or a sequence alphabet can obscure the social 

phenomenon in focus. Too few distinct states in specifying the sequence alphabet could falsely let 

one state become dominant or simply be overlooked in the identification of cluster typologies 

(Emery and Berchtold 2022). Common rules of thumb in social sequence analysis are not to include 

sequence states that occur very infrequently, for example below five percent of the sequence states. 

Including infrequent states will likely not aid the identification of the main patterns. Yet this could 

be misleading if there are theoretically very important states that only occur for short time spans. 

Generally, the specification of sequence states has to be guided by theoretical considerations. 

Similar to the logic of degrees of freedom, the ability of sequence and cluster analyses to reliably 

identify typologies might depend on the number of distinct sequence states – in conjunction with 

the number of sequences and the number of time points. To date there are no guidelines to inform 

how the number of sequence states included systematically affects the identification of sequence 

typologies. Typically, sequence studies include between as little as two or three and up to 15 states 

with most studies specifying between 6 and 12 states (Liao et al. 2022; Aisenbrey and Fasang 2017; 

Abbott and Tsay 2000).  

 

 

3. Methodological Design to Assess Sensitivity to Data Challenges 

Our methodological design to assess how the three data challenges affect the identification of 

cluster typologies (i.e., too few sequences, too few time points, and having too few distinct states) 

draws on two data sources, both of which contain a clustered data structure. Studer (2021) recently 

proposed a parametric bootstrapping method to assess, whether any meaningful cluster structure 

exists in the data or not. In contrast, we assess how data limitations affect the identification of the 

correct number of groups, in data that contains a true cluster structure. First, we simulate data with a 
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mixture Markov model designed specifically for sequence data (Helske and Helske 2019). Second, 

we use survey data from 1,866 respondents who participated in the German Family Panel survey 

(Brüderl et al. 2019; Huinink et al. 2011). Simulations will never be an identical representation of 

the complexity in observed sequences but they exemplify how different data issues affect sequence 

typologies in ‘a sandbox environment’. Importantly, the simulated data based on the mixture 

Markov models allows us to create a true number of clusters as a benchmark, which always remains 

unknown in real data. 

 

3.1 Scenarios 

Corresponding to the three data challenges, we define a set of scenarios combining different 

specifications of: the number of (a) sequences, (b) number of time points, and (c) number of distinct 

states in the alphabet. We use Mixture Markov models to create the simulated data, which means 

that we can vary the true number of clusters (d). The scenarios for the simulated data and real data 

are summarized in Table 1. For the simulated data, we assess 360 different scenarios (six different 

sequence sample sizes × five different sequence lengths × four different sizes of state alphabet 

schemes × three different true cluster solutions, see Table 1). For the real data, we assess 90 

different scenarios (six different sequence sample sizes × five different sequence lengths × three 

sizes of state alphabet schemes). We distinguish between six sequence sample sizes, ranging from 

only 100 sequences to larger samples with thousands of sequences. For the simulated data, we 

construct scenarios with up to 2,000 sequences. We have a maximum of 1,500 sequences in the real 

data due to limitations in the original sample, which only include 1,866 sequences in total. Each 

scenario is drawn 1,500 times, resulting in 540,000 samples in total for the simulated data with 360 

scenarios (1,500 × 360) and 135,000 samples for the real data with 90 scenarios (1,500 × 90). 
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[TABLE 1 ABOUT HERE] 

 

For the sequence length (i.e., number of time points), the scenarios range from five to 120 time 

points (Table 1), which corresponds to a real-life case of observations across ten years measured in 

monthly intervals (120 time points), every three months (40 time points), every six months (20 time 

points), annually (10 time points), or every two years (5 time points). One of the most important 

methodological decisions in sequence analysis concerns selecting the number and types of states in 

the alphabet. As noted above, ultimately this decision is a theoretical one: the researcher should 

include states that are theoretically relevant for the case study, however, the reliability of the cluster 

typology might also depend on the number of states. Typically, the literature stresses that the 

number of states should fit the data and researchers therefore should avoid states that occur very 

infrequently, as they will not aid the main pattern search targeted by sequence analysis (Billari 

2001b). The degree of detail in the sequence alphabet (i.e., the number of states in the alphabet) is 

to a large extent dictated by the data, for example, when information on cohabiting or living apart 

together relationships are simply not recorded in the data. However, for some research questions, 

such as studies about vulnerable young people in complex life situations (Bühlmann 2018), also 

infrequent states are substantively very important, and it can be problematic to subsume them under 

larger categories. To address this concern, we vary the number of sequence states in our simulations 

and real data analyses from simple scenarios with only three distinct states to more complex 

scenarios that include 12 distinct states for the simulations and 9 distinct states for the real data. 

 

3.2 Cluster Identification in Different Data Scenarios  

For each scenario, we follow standard procedures and begin by measuring the distances between the 

sequences (Aisenbrey and Fasang 2010). Researchers typically measure distances in sequence 
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analysis by calculating the cost of making two sequences identical. Following recent research (Liao 

2021; Hart 2019), we use an algorithm called optimal matching of spell sequences (OMspell) 

(Studer and Ritschard 2016) that resembles the logic of how a mixed Markov model simulates 

sequences. Based on a probability distribution, a mixed Markov model randomly chooses time point 

by time point whether to stay in the current state (extending the spell) or to switch to a different 

state (starting a new spell), making the differences between the simulated sequences most sensitive 

to ordering of spells and least sensitive to timing. Compared to other distance measures for 

sequence analysis, the OMspell algorithm emphasizes the ordering and the duration of the spells in 

the sequences, which means that we treat each spell duration as a distinct state. Thus, five time 

points in a given state is different from six time points in the same state. To measure the cost of 

transforming one sequence into another, we define a substitution costs matrix based on substantive 

considerations about the difference between different states (see Appendix Table A1). We used the 

OMspell dissimilarity measure, because it is theoretically the most reasonable choice that emulates 

the rules followed in the Markov models to construct the artificial sequences in our case. We do not 

expect the conclusions on the sensitivity of sequence typologies to data issues to differ dramatically 

for other dissimilarity measures or substitution cost specifications, as long as they are sensitive to 

sequencing.i 

One critique relates to the subjective interpretation of sequence typologies. Clustering 

techniques to identify typologies range from simple (hierarchical) algorithms to more complex 

algorithms that use partitions around medoids (Kaufman and Rousseeuw 1990; Ward 1963) but 

they ultimately all require the researcher to select the optimal number of clusters. The literature 

offers several statistical measures to inform this decision. In a review of available cluster cut-off 

criteria, Studer (2013) highlights the Average Silhouette Width (ASW) measure, which has become 

the standard indicator in life course research (see also Studer 2021). The ASW indicates, whether 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6357258/#CR58
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trajectories are more similar within the clusters than between the clusters. A key advantage is that 

the ASW indicates the internal coherence of each cluster. Silhouette methods compute coefficients 

for each observation (i.e., individual sequence) that measure how closely each sequence resembles 

the sequences within the same cluster relative to the neighboring clusters.  

In principle, ASW values above 0.5 are considered to indicate reasonable patterns in 

data, values between 0.26 and 0.50 indicate a weaker data structure, and values below 0.26 indicate 

no structure (Kaufman and Rousseeuw 1990 in Studer 2013). However, as noted by Studer (2013), 

the thresholds for the ASW values were developed in cluster analysis of simple random variables, 

whereas sequences can potentially include much more variation (Liao and Fasang 2020). Therefore, 

in applied sequence analysis, ASW values above 0.20 are often treated as acceptable. Moreover, 

individual silhouette values identify poorly classified cases that can be excluded from further 

analyses when using clusters as dependent or independent variables (Jalovaara and Fasang 2020). 

Note that the ASW does not consider individual sequences that are outliers to all clusters but only 

those that are equally similar to several of the identified clusters, and therefore might overstate the 

true cluster structure (Struffolino and Piccarreta 2019).  

For most cluster cut-off criteria, small variations in absolute values for different 

numbers of clusters should not be interpreted (Studer 2021). In general, support by several cluster 

cut-off criteria for one cluster solution can be considered relatively strong (Studer 2013). Early on, 

Aisenbrey and Fasang (2010) concluded that selecting the “best number of clusters” is not a 

decision that can only be guided by (imperfect) statistical criteria, but also by the criterion of 

construct validity – if a resulting typology conforms to prior theoretically informed expectations. In 

our evaluation of the cluster solutions, we supplement the ASW measure with the Point Biserial 

Correlation (PBC) and Hubert’s Gamma (HG), which both provide alternative measures to evaluate 

the clusters. Results using these measures yield similar results (available from authors). 
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Recently, Studer (2021) demonstrated how parametric bootstrapping can be used to 

compare the cluster quality of an observed typology with the quality of one obtained by clustering 

similar but non-clustered data. This approach relies on the assumption that the initial sequence data 

used for the bootstrap procedure is in principle sufficient and appropriate to identify a sequence 

typology. The goal of this paper is to add guidelines that can help the researcher to determine 

whether data fulfill the pre-conditions for reliably identifying the “true” number of clusters in a 

typology, given that a true number of groups exists in the data at hand.  

 

4. Creating the samples 

We first present how we created the 540,000 simulated samples and then the 135,000 samples from 

real data of the German Family Panel. We draw on a novel approach (Helske and Helske 2019) using 

mixture Markov models (MMM) to create simulated sequence data. The assumptions of our MMM 

do not directly transfer to typical life course data from surveys. The main advantage of this simulation 

is that we fully control the content of the data and can create a true number of groups as a benchmark 

to test our data scenarios.  

A simple (first-order) Markov model estimates the probabilities for starting in each state 

of the alphabet and transitioning between them. It relies on a number of assumptions. First the model 

assumes that the observation at time t depends on the observation at time t-1 only, not on any prior 

history. Second, the transition probabilities are assumed to be constant across the observation 

window. For our simulations, we use an extension of the basic Markov model, the mixture Markov 

model (MMM). This model expects that the population consists of clusters (latent classes) with 

varying sequence patterns and allows for different specifications of initial and transition probabilities 

between these clusters. The MMM for sequence data can be described with the following notations 

and probabilities:   
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– 𝑦𝑖𝑡: observation of individual i at time t 

– s, r: states from the alphabet 

– 𝜋𝑘(𝑠): Probability, that a sequence starts in state s (initial probability) when in cluster k 

– 𝑎𝑘(𝑠, 𝑟): Probability to transition from state s to state r (transition probability) when in cluster k 

– 𝑤𝑘: membership probability for cluster k 

 

The log-likelihood of the model is calculated as:  

 

log 𝐿 =∑ log (∑ 𝑤𝑘𝜋𝑘(𝑦𝑖1)∏𝑎𝑘(𝑦𝑖(𝑡−1), 𝑦𝑖𝑡)

𝑇

𝑡=2

𝐾

𝑘=1
)

𝑁

𝑖=1
, 

 

where N is the number of individual sequences, K is the number of clusters, and T is the number of 

time points. When simulating sequences from MMM, we can (and must) determine the numbers of 

sequences, time points, distinct states, and clusters as well as initial and transition probabilities 

𝜋𝑘(𝑠) and 𝑎𝑘(𝑠, 𝑟) for each cluster k, which gives us full control over the contents of the data.  

 

 [TABLE 2 ABOUT HERE] 

 

For the simulations we vary the sequence states from 12 states to just three states (Table 2). 

Resonating with our real data example below and to ease readability, we label the different states in 

the simulated sequences as family formation states, i.e., partnership (married, cohabitation, and 

single), and number of children. The resulting data are not designed to be realistic as such but the 

aim is to create comparable datasets in scenarios of different complexities (see the following 

guidelines), so we could give the states any other names. Figure 1 shows an overview of all clusters 

and state alphabets included in the scenarios.  
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 [FIGURE 1 ABOUT HERE] 

 

The MMM simulations begin by constructing the most complex scenario with 12 states, 9 clusters, 

and 120 time points. We simulated data for all the clusters separately and followed these guidelines 

within each cluster:  

 

1. All states should be present in data. 

2. There should be clusters with simpler and more complex sequences. 

3. The clusters should be distinct from one another even if the number of states, time points, 

and/or clusters are reduced. 

 

To reduce the number of clusters, we picked a subset of the original 9 clusters so that each of the 12 

states were present in the 6-cluster and 3-cluster scenarios. To reduce the number of time points, we 

simulated sequences that were like the original sequences of duration 120 but were observed in 

coarser intervals. In practice, this can be done by creating new transition matrices in the MMM by 

multiplying original transition matrices for as many times as the length between the observations 

(for example, for observations for every three months we multiply the monthly transition 

probability matrices A with itself three times, i.e., the three-month transition matrix is AAA). See 

Appendix Table A2 shows the modal sequence state order for each cluster in different scenarios by 

true cluster number and number of distinct states. A full R script for our approach is available as 

supplementary material. 

In simulated contrast to the simulated data in the real data from German Family Panel, 

we no longer know the true number of clusters and the data structure becomes more complex. Yet, 
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we selected real data on family formation processes that are known to be strongly clustered in 

Germany, which is also supported by statistical cluster-cut-off criteria. The sequences we use are 

publicly available as example sequences accompanying the introductory book on sequence analysis 

by Raab and Struffolino (2022) and can be downloaded here: https://sa-book.github.io/. The 

German Family panel has two additional categories for individuals living alone (Table 3): “Living 

apart together without children” (L0) and “Living apart together with children” (L1).ii  Each of the 

135,000 samples drawn from the real data is based on a random subsample with replacement of the 

real data (bootstrap samples) guided by parameters of the scenarios, which determine the sequence 

sample size, sequence length, and number of states. Figure 2 shows how sequences in the survey 

data are represented by the scenarios with 3, 6, or 9 states and with varying sequence length (5, 20 

or 120 time points). 

 

[TABLE 3 ABOUT HERE] 

 

[FIGURE 2 ABOUT HERE] 

 

 

5. Results 

For the simulated data we know the true number of clusters and can easily gauge how combinations 

of the three types of data challenges affect the identification of the true number of clusters. For the 

real data, the true number of clusters is unknown. We therefore focus on the optimal number of 

clusters, which we define as the number of clusters that are identified under the most optimal data 

conditions, i.e., data without any of the three types of data challenges present. Based on our results 
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with the simulated data this is likely to match the true number of clusters. The optimal number of 

groups in the real data according to this procedure is five clusters that also are substantively and 

theoretically meaningful comprising: Late married with children (35 pct.), cohabitation with 

children (10 pct.), extended singlehood with no children (22 pct.), early married one child (11 pct.), 

and early married with two or more children (24 pct.). For graphic illustration see Appendix Figure 

A1.  

We first classify the 540,000 samples from the simulated data and the 135,000 

samples from the real data according to the three data challenges: Too few sequences, too few time 

points, and too few distinct states (overview in Table 4). Concerning the challenge of small 

sequence sample size, we specify three variations: 0 = none/samples with at least 1000 sequences; 1 

= modest/samples with only 500 sequences; and 2 = severe/samples with only 250 sequences. In 

terms of sequence length, we consider:  0 = none/more than 20 time points; 1 = modest/ten time 

points; and 2 = severe/only five time points. Regarding the number of distinct states, we distinguish 

three challenges: 0 = none/samples that include at least nine distinct states, 1 = modest/samples with 

six distinct states; and 2 = severe/samples with just three states. Taken together, this results in a 

total of (3  3  3 =) 27 combinations of data challenges.  

 

[TABLE 4 ABOUT HERE] 

 

 

4.1 How the data challenges affect the identification of cluster solutions 

We start by determining how many clusters are found under the most optimal circumstances, that is, 

when there are no data challenges, i.e., a high number of sequences (at least 1,000 sequences), long 

sequence chains (at least 20 time points), and a high number of distinct sequence states (at least 9 
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different states). For each of the 27 combinations of data challenges, we calculate the average mean 

of the cluster solution with the highest ASW values. Figure 3 shows how the data challenges affect 

the identification of the optimal number of clusters. 

 

[FIGURE 3 ABOUT HERE] 

 

The y-axis in Figure 3 indicates the average number of clusters found in the samples categorized 

under the 27 combinations of data challenges. The x-axis indicates which specific data challenge 

combinations are given in the respective samples. The data challenges are represented with three 

digits (first digit refers to limitations in the number of sequences, second digit refers to limitations 

in the sequence length, and third digit refers to limitations in the number of distinct sequence 

states). To ease the interpretation of the graphs, the data challenges on the x-axis are order in terms 

of their average suggested number of clusters going from the lowest to the highest average. The red 

lines in Figure 3 indicate the optimal number of clusters, which is identified by number of clusters 

when there are no data challenges, i.e., at 0-0-0. The blue dashed lines illustrate cluster solutions 

that are at most one cluster apart from the optimum, which indicate only a minor deviation from the 

optimal number of clusters. See Appendix Table A3 for full information on the cluster fits for all 

combinations of the data challenges for the simulated and the real data.  

Figure 3 shows that for the simulated data with three true clusters 18 out of 27 data 

scenarios (67 percent) suggest cluster numbers in an acceptable range with only one cluster 

deviation from the true cluster number. For simulated data with six true clusters only 12 out of 27 

scenarios (44 percent) are within and acceptable range. For the most complex simulated data 

structure with nine true clusters a mere 6 out of 27 data scenarios (22 percent) are within an 
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acceptable range. This resembles the results for the real data where 7 out of 27 data scenarios (25 

percent) are within an acceptable range. In all simulated scenarios most samples that only have one 

modest data challenge are within an acceptable range, that is, either identify the true number of 

clusters or only one cluster more or less. However, if one of the data challenges is severe (e.g., 

sample size with only 250 sequences or sequences with only 5 time points), or if a modest data 

challenge combines with another modest data challenge, deviation from the optimal number of 

clusters substantially increase.  

Consequently, when researchers theoretically assume that a higher number of clusters 

exist, the required data conditions to correctly identify this cluster structure increase. Even the 

combination fo modest data challenges severely compromises the correct identification of clusters 

with a higher likelihood to overestimate rather than underestimate the “true” number of groups. In 

both the simulated and real data, if the data challenge only concerns the number of sequences, the 

suggested cluster solutions are still within an acceptable range. Thus, having many sequences is not 

necessarily enough to compensate for short sequence length or too few distinct states. Findings 

thereby highlight that there are no simple rules of thumb on the minimum number of sequences, 

time points or sequence states. Instead the combination of all three data challenges matter jointly 

with the true number of groups present in the data, which can only be approximated based on 

theoretical considerations in real world sequence analysis applications. 

 

4.2 Which data challenges are most consequential? 

Simple linear probability models based on ordinary least squares (OLS) estimate how much each of 

the data challenges contributes to deviations from the true or optimal number of clusters (Table 5). 

For both the simulated and the real data, we estimate an 1) acceptable range model, where the 
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outcome is, whether the average suggested cluster solutions are within +/- one cluster from the 

optimal solution, and 2) and exact model in which the outcome is the probability to identify the 

exact optimal number of clusters. For both models, key independent variables are the number of 

sequences, number of time points, and number of distinct states in the alphabet in the data scenario 

samples. Table 5 shows results with standardized coefficients where coefficient sizes can be 

interpreted as differences in percentage points. 

 

[TABLE 5 ABOUT HERE] 

 

Across the two models, large sample sizes are not sufficient to avoid deviation from the optimal 

number of clusters. For example, even for the simplest scenario for the simulated data, the 

coefficient in the acceptable range model (1) only changes from 0.152 to 0.155 as we move from 

1,000 sequences in the sample to 2,000 sequences. For the acceptable range model (1) based on real 

data, we find only a modest increase once sequence samples contain at least 500 sequences. As we 

more from 250 sequences to the 500 sequences, the coefficient only changes from 0.146 to 0.216. 

Regarding the number of time points, longer sequence length is associated with a more precise 

identification of the optimal number of clusters. Effect sizes for sequence length in both the 

acceptable range model (1) and the exact model (2) are substantially larger than for the number of 

sequences. Consequently, a high number of time points is more conducive to reliably identifying a 

“true” cluster typology than a high number of sequences, at least beyond a threshold of at least 500 

sequences. Researchers should therefore choose long observation windows and narrower time 

intervals with smaller sequence sample sizes over datasets with shorter time spans, fewer time 

intervals, and higher sequence sample size. 
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For the number of distinct states in the alphabet, we find different patterns for the two 

models and for the different data types. For the acceptable range model (1) and the simulated data, 

the number of distinct states aids the identification of the optimal number of clusters most when the 

number of states exceeds the optimal number of clusters. However, for the real data, effects for the 

number of states are all negative in the acceptable range model (1), indicating that a higher number 

of distinct states decreases the probability of identifying cluster numbers that only deviate by +/- 1 

cluster from the optimal number. As discussed above (see Table 3), this discrepancy between 

simulated and real data might be due to the introduction of states with few observations in the 

alphabet for the real data (specifically, living apart together with children). Consequently, not only 

the number of states, but their empirical distribution likely matters for the identification of cluster 

typologies. Yet, for the real data in the exact model (2), we find a similar pattern to the simulated 

data in which larger alphabets significantly improved the identification of the optimal number of 

clusters. For example, even in the simple simulated data with just 3 clusters, having an alphabet of 

12 relative to 9 states increases the probability of identifying the exact optimal number of clusters 

by 17 percent (model 2, 0.619 vs. 0.527). Note that in the simulated data all states were empirically 

fairly equally distributed across the entire sample and important in the mixture Markov modeling. 

Thus, our results do not imply that adding theoretically meaningless or highly infrequent states 

would improve the cluster identification, most probably the opposite would be the case. A higher 

number of distinct states thus generally seems to aid the identification of the optimal number of 

clusters only if these states are reasonably frequent and theoretically relevant.  

For both simulated and real data, we conclude that the most reliable identification of a 

“true” or optimal sequence typology that empirically exists in a given data structure is possible with 

samples that have at least 500 sequences, at least a length of 10 time points, and a state alphabet that 

has at least as many distinct states as the optimal number of clusters. Since the optimal number of 
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clusters is always unknown and can only be theoretically approximated in real life applications, our 

analysis emphasizes the need to work iteratively––even for inductive methods as sequence analysis, 

and underline the significance of theoretical reasoning about the expected number of groups for 

specifying the state alphabet. 

 

 

5. Discussion 

Cluster-based sequence typologies have proliferated in life course research and social demography. 

In the past two decades, statistical cluster cut-off criteria and clustering procedures have greatly 

improved (Studer 2013, Piccarreta and Studer 2018, Studer 2021), along with a much better 

understanding of the difference that different distance measures in sequence analysis make 

(Ritschard and Studer 2016). In contrast, to date we have very little systematic understanding how 

features of the data, that any applied sequence analyst has to make decisions about, systematically 

affect the identification of cluster-based sequence typologies.  

In this paper, we systematically assessed the ability of a given clustering procedure to 

identify the true or optimal number of clusters in a range of scenarios combining three types of data 

challenges: the number of sequences, number of time points, and the number of distinct states in the 

alphabet. To this end, we compared data scenarios drawn from simulated sequence data from 

mixture Markov models and to real family sequence data from the German Family Panel Survey.  

We conclude that researchers can be relatively confident about their sequence 

typology, if they have at least 500 sequences, and at least 10 time points. However, this finding 

should be read with some caution. The number of time points in sequence analysis is very much 

context dependent and the three data challenges act in combination with each other. Nevertheless, 
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life course researchers should be careful in making conclusions about sequence typologies, if their 

sequences are shorter than 10 time points, regardless of whether they have a large sample of 

sequences and only a limited number of sequence states. There might be applications with extreme 

distributions of states within sequences, where reliable typologies with fewer time points can still be 

identified. But social sequence data that tends to have a similar structure to the simulated and real 

data presented in this paper do not seem to enable the identification of “true” or optimal typologies 

with only five time points, even if these clearly exist in the data. Notably, DNA sequence in biology 

for which optimal matching algorithms were originally developed (Abbott and Tsay 2000; 

Levenshtein 1965) tend to be much longer with hundreds and thousands of sequence elements, 

stressing that having long sequences might be an important feature for data to be appropriate for 

meaningful sequence analysis. We also find that the state alphabet needs to have at least as many 

unique states as the optimal number of clusters. As the optimal number of clusters is always 

unknown in real data, researchers using sequence analysis should employ an iterative approach 

comparing different numbers of states and deriving precise theoretical expectations about the 

expected typology, when possible.   

Our analysis is not without limitations. First of all, simulated data are simplistic in 

comparison to the complexity of most real-life sequence data. Nevertheless, using real data, we find 

a number of similarities to the simulated data in how the different types of data challenges are 

associated with deviations from identifying the optimal number of clusters. Second, in smaller 

sequence samples, statistical measures such as ASW cannot give reliable answers to which number 

of clusters best captures the underlying structure. This resonates with the fact that the ASW alone 

cannot capture how meaningful a given cluster solution is theoretically (as argued by Studer 2013). 

Third, we disregarded variation in the empirical prevalence of different states in the sequences, i.e., 

entropy. Subsequent studies could benefit from assessing how not only the number of distinct states 
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but especially their empirical distribution impacts the identification of cluster-based sequence 

typologies.  

Our findings highlight that for identifying meaningful and reliable sequence 

typologies, basic data features might be just as or even more important than the choice of a distance 

measure and clustering algorithm—even though the latter two have received disproportionately 

more attention in both the critique and further development of sequence analysis (Studer and 

Ritschard 2016; Wu 2000; Levine 2000). At the same time, our study shows that under favorable 

data scenarios, sequence and cluster analysis identify a correct number of clusters with a very high 

reliability. We contribute to the literature with to the best of our knowledge the first systematic 

assessment of the sensitivity of cluster-based sequence typologies to key data issues: the number of 

sequences, number of time points, and number of distinct sequence states.   
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TABLES AND FIGURES 

Table 1 Overview of the 360 scenarios for the simulated data and the 90 scenarios of the real data  

 Values Simulated data  Real data 

a. Number of sequences 100    

250    

500    

750    

1000    

1500 -   

2000   - 

b. Sequences length (time points) 5    

10    

20    

40    

120    

c. Number of states in the alphabet 3    

6    

9    

12   - 

d. Number of true clusters 3   Unknown 

6   Unknown 

9   Unknown 

Scenarios in total 360  90 

Total samples of scenarios 540,000  135,000 
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Table 2. Number of distinct states in simulated data from Mixture Markov Models 

Number of distinct states in the alphabet 

3 6 9 12 

Single  

(S) 

Single without 

children  

(S0) 

 

Single without 

children  

(S0) 

 

Single without 

children  

(S0) 

 

Single with children  

(S1) 

 

Single with one child  

(S1) 

 

Single with one child  

(S1) 

 

Single with more than 

one child  

(S2) 

 

Single with two 

children 

(S2) 

Single with three or 

more children 

(S3) 

Cohabitation (C) 

Cohabitation without 

children  

(C0) 

 

Cohabitation without 

children  

(C0) 

Cohabitation without 

children  

(C0) 

Cohabitation with 

children (C1) 

 

Cohabitation with one 

child  

(C1) 

Cohabitation with one 

child  

(C1) 

Cohabitation with 

more than one child  

(C2) 

 

Cohabitation with two 

children  

(C2)  

 

Cohabitation with 

three or more children  

(C3) 

Married  

(M) 

 

Married without 

children  

(M0) 

 

Married without 

children  

(M0) 

 

Married without 

children  

(M0) 

 

Married with children  

(M1) 

 

Married with one 

child (M1) 

 

Married with one 

child (M1) 

 

Married with more 

than one child  

(M2) 

 

Married with two 

children  

(M2) 

 

Married with three or 

more children  

(M3) 
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Table 3. Number of distinct states in the real data from the German Family Panel Survey  

Number of distinct states in the alphabet 

3 6 9 

Single  

(S) 

Single without children  

(S0) 

 

Single without children  

(S0) 

 

Living together apart without 

children 

(L0) 

 

Single with children  

(S1) 

Single with children   

(S1) 

Living together apart with 

children 

(L1) 

Cohabitation 

(C) 

Cohabitation without children  

(C0) 

 

Cohabitation without children  

(C0) 

Cohabitation with children 

(C1) 

 

Cohabitation with one or more 

children  

(C1) 

 

Married  

(M) 

Married without children  

(M0) 

 

Married without children  

(M0) 

 

Married with children  

(M1) 

 

Married with one child  

(M1) 

 

Married with two or more 

children 

(M2) 
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Table 4. Classification of the 360 scenarios from the 540,000 samples of the simulated data and the 

90 scenarios from the 135,000 samples of the real data from German Family Panel survey into 

combinations of three types of data challenges (3 × 3 × 3 = 27 data challenges in total). 

Code Data challenge 

Number of sequences Number of distinct 

states in the alphabet 

Number of time points 

0 (none) At least 1000 sequences At least 9 distinct states More than 20 time points 

1 (modest) 500 sequences 6 states 10 time points 

2 (severe) 250 sequences 3 states 5 time points 
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Table 5. Result of two linear probability models. Acceptable Range Model 1: average cluster solution for samples are within an acceptable 

range, i.e., at most one cluster more or less than the optimal number. Exact Model 2:  average cluster solution for samples are exactly the 

optimal number of clusters. Standardized coefficients. 

*** p < 0.0001; ** p < 0.001; * p < 0.01  

 SIMULATED  REAL DATA 

 3 clusters (simple)  6 clusters  9 clusters (complex)  

 

 

Observations 

Model 1:  

Fit within 

+/-  

Model 2: 

Perfect 

fit 

 Model 1:  

Fit within 

+/-  

Model 2: 

Perfect 

fit 

 Model 1:  

Fit within 

+/-  

Model 2: 

Perfect fit 

 Model 1:  

Fit within 

+/-  

Model 2: 

Perfect fit 

100 Ref.   Ref.   Ref. Ref.  Ref. Ref. 

250 0.120*** 0.102***  0.107*** 0.136***  0.060*** 0.052***  0.146*** 0.052*** 

500 0.142*** 0.116***  0.137*** 0.153***  0.081*** 0.087***  0.216*** 0.074*** 

750 0.148*** 0.119***  0.146*** 0.152***  0.085*** 0.098***  0.238*** 0.085*** 

1000 0.152*** 0.120***  0.152*** 0.149***  0.086*** 0.106***  0.256*** 0.097*** 

1500/2000 0.155*** 0.121***  0.159*** 0.146***  0.088*** 0.122***  0.272*** 0.127*** 

            

Sequence length            

5 Ref. Ref.  Ref. Ref.  Ref. Ref.  Ref. Ref. 

10 0.379*** 0.476***  0.296*** 0.538  0.272*** 0.180***  0.213*** 0.116*** 

20 0.612*** 0.630***  0.298*** 0.540  0.265*** 0.186***  0.374*** 0.107*** 

40 0.620*** 0.153***  0.295*** 0.536  0.263*** 0.190***  0.384*** 0.138*** 

120 0.615*** 0.478***  0.291*** 0.530  0.269*** 0.200***  0.414*** 0.231*** 

            

States in alphabet            

3 Ref. Ref.  Ref. Ref.  Ref. Ref.  Ref. Ref. 

6 0.416*** 0.503***  0.713*** 0.642***  0.016*** 0.001**  -0.254*** -0.000 

9 0.247*** 0.527***  0.909*** 0.752***  0.560*** 0.077***  -0.039*** 0.255*** 

12 0.375*** 0.619***  0.823*** 0.636***  0.672*** 0.656***  - - 

            

            

R2 0.524 0.620  0.741 0.740  0.622 0.453  0.269 0.111 

Samples 180.000  180.000  180.000  135,000 
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Figure 1. Mixture Markov Model simulated sequences for the most complex scenario with 12 states, 9 clusters, and sequences of length 

120. The groups represent 9 clusters. 

 
Note: S0 = Single, 0 children; S1 = Single, 1 child; S2 = Single, 2 children; S3 = Single, 3 children; C0 = Cohabitation, 0 children; C1 = 

Cohabitation, 1 child; C2 = Cohabitation, 2 children; C3 = Cohabitation, 3 children; M0 = Marriage, 0 children; M1 = Marriage, 1 child; 

M2 = Marriage, 2 children; M3 = Marriage, 3 children.  
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Figure 2. State distribution plots of 9 data scenarios of the full sample of the German Family Panel with varying number of distinct states 

and sequence length. The groups each represent the full sample in a different data specification. 

 
Note: S0 = Single, no children; S1 = Single with children; C0 = Cohabitation, no children; C1 = Cohabitation with children; M0 = 

Marriage, no children; M1 = Marriage, one child; M2 = Marriage with two or more children. 



39 

 

Figure 3. Variance in cluster identification across the 27 scenarios of data challenges.  

 

Note: On the x-axis, the digits read as follows: The first digit refers to limitations in the number of 

sequences: 0 = no limitations/at least 1,000 sequences; 1 = modest limitations/500 sequences; 2 = 

severe limitations/only 250 sequences. The second digit refers to limitations in the sequence length: 

0 = no limitations in sequence length/at least 20 states long; 1 = modest limitations/10 states long; 2 

= severe limitations/only 5 states long. The third digit refers to limitations in the number of unique 

states: 0 = no limitations/at least 9 unique states; 1 = modest limitations/6 unique states; 2 = severe 

limitations/only 3 unique states.  

Red horizontal lines indicated the optimal cluster solution. Dotted blue lines indicate +/- 1 cluster 

from the optimal cluster solution, which we consider an acceptable range of deviation.   
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Appendix 

 

Appendix Table A1. Transition cost matrix for calculating OM Spell distance between sequences 

 M C 0 -> 1 child each additional 

child 

Single (S) 2.0 2.5 +1 +0.5 

Married (M) 0 1.0 +1 +0.5 

Cohabiting (C) 2.5 0 +1 +0.5 

Note: Even though here the states are artificial in the simulated data, we label them as family 

formation states and the costs are inspired by theoretical considerations on family formation: the 

cost is higher to move from S (“single”) to M (“marriage”) than from S (“single”) to C 

(“cohabitation”). While the first increase in the number (first child) costs 1, subsequent costs for 

increasing numbers (additional children) are set to 0.5, which corresponds to more significant 

difference between couples with and without children than between couples with, e.g., two children 

and three children.  
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Appendix Table A2. Characteristic order of states in the clusters in the scenarios of the simulated 

data.  

States Cluster  3 Clusters 6 Clusters 9 Clusters 

12 1 S0-S1-S2-M2-C2-C3 S0-S1-S2-M2-C2-C3 S0-S1-S2-M2-C2-C3 

2 S0-C0-C1-C2-S2-S3 S0-C0-C1-C2-S2-S3 S0-C0-C1-C2-S2-S3 

3 C0-M0-M1-M2-M3 C0-M0-M1-M2-M3 C0-M0-M1-M2-M3 

4 - S0-C0-C1-C2 S0-C0-M0-M1-C1 

5 - M0-S0- C0 S0-C0-C1-C2 

6 - C0-S0 M0-S0-C0 

7 - - S0-M0-M1 

8 - - C0-S0 

9 - - M0 

9 Cluster  3 Clusters 6 Clusters 9 Clusters 

1 S0-S1-S2-M2-C2 S0-S1-S2-M2-C2 S0-S1-S2-M2-C2 

2 S0-C0-C1-C2-S2 S0-C0-C1-C2-S2 S0-C0-C1-C2-S2 

3 C0-M0-M1-M2 C0-M0-M1-M2 C0-M0-M1-M2 

4 - S0-C0-C1-C2 S0-C0-M0-M1-C1 

5 - M0-S0- C0 S0-C0-C1-C2 

6 - C0-S0 M0-S0- C0 

7 - - S0-M0-M1 

8 - - C0-S0 

9 - - M0 

6 Cluster  3 Clusters 6 Clusters 9 Clusters 

1 S0-S1-M1-C1 S0-S1-M1-C1 S0-S1-M1-C1 

2 S0-C0-C1-S1 S0-C0-C1-S1 S0-C0-C1-S1 

3 C0-M0-M1 C0-M0-M1 C0-M0-M1 

4 - S0-C0-C1 S0-C0-M0-M1-C1 

5 - M0-S0- C0 S0-C0-C1 

6 - C0-S0 M0-S0- C0 

7 - - S0-M0-M1 

8 - - C0-S0 

9 - - M0 

3 Cluster  3 Clusters 6 Clusters 9 Clusters 

1 S-M-C S-M-C S-M-C 

2 S-C-S S-C-S S-C-S 

3 C-M C-M C-M 

4 - S-C S-C-M-C 

5 - M-S S-C 

6 - C-S M-S 

7 - - S-M 

8 - - C-S 

9 - - M 
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Appendix Table A3. Overview of the data challenges [Observations – Number of states – Number of distinctive states] 

Data challenge 

 

Simulations  Real data 

Three clusters  Six clusters  Nine clusters  Fit Variance 

Fit Variance Success  Fit Variance Success  Fit Variance Success  

0-0-0  1.000 0.000 1.000  1.000 0.000 1.000  0.939 -0.370 0.554  0.684 0.218 

0-0-1  1.000 0.000 1.000  1.000 0.000 1.000  0.000 -3.000 0.000  0.200 1.407 

0-0-2  1.000 -0.658 0.342  1.000 -0.658 0.342  0.000 -6.000 0.000  0.817 -1.226 

0-1-0  1.000 0.000 1.000  1.000 0.000 1.000  0.943 -0.518 0.520  0.401 -0.260 

0-1-1  1.000 0.000 1.000  1.000 0.000 1.000  0.000 -2.999 0.000  0.324 -0.051 

0-1-2  0.001 8.740 0.001  0.001 8.740 0.001  0.000 2.855 0.000  0.309 2.852 

0-2-0  0.464 4.777 0.458  0.464 4.777 0.458  0.154 2.202 0.068  0.000 5.886 

0-2-1  1.000 -0.980 0.013  1.000 -0.980 0.013  0.013 0.999 0.005  0.000 6.276 

0-2-2  0.000 8.997 0.000  0.000 8.997 0.000  0.000 3.000 0.000  0.000 6.999 

1-0-0  1.000 0.001 0.999  1.000 0.001 0.999  0.914 -0.255 0.495  0.618 1.024 

1-0-1  1.000 0.004 0.996  1.000 0.004 0.996  0.000 -2.999 0.000  0.254 0.746 

1-0-2  1.000 -0.623 0.375  1.000 -0.623 0.375  0.000 -6.000 0.000  0.664 -1.407 

1-1-0  1.000 0.000 1.000  1.000 0.000 1.000  0.924 -0.447 0.459  0.385 1.333 

1-1-1  1.000 0.003 0.997  1.000 0.003 0.997  0.001 -2.996 0.000  0.235 0.683 

1-1-2  0.002 8.797 0.002  0.002 8.797 0.002  0.001 2.849 0.000  0.161 3.383 

1-2-0  0.365 5.616 0.348  0.365 5.616 0.348  0.154 2.264 0.058  0.003 6.303 

1-2-1  0.991 -0.853 0.055  0.991 -0.853 0.055  0.049 1.513 0.016  0.000 6.279 

1-2-2  0.000 8.999 0.000  0.000 8.999 0.000  0.000 3.000 0.000  0.000 6.994 

2-0-0  0.961 0.208 0.897  0.961 0.208 0.897  0.692 0.461 0.305  0.266 3.845 

2-0-1  0.935 0.348 0.837  0.935 0.348 0.837  0.045 -2.572 0.016  0.183 2.367 

2-0-2  0.893 0.173 0.395  0.893 0.173 0.395  0.019 -5.361 0.007  0.348 0.934 

2-1-0  0.993 0.046 0.965  0.993 0.046 0.965  0.700 0.379 0.295  0.134 4.539 

2-1-1  0.981 0.156 0.879  0.981 0.156 0.879  0.110 -2.177 0.032  0.109 2.553 

2-1-2  0.004 8.841 0.004  0.004 8.841 0.004  0.002 2.932 0.000  0.066 4.774 

2-2-0  0.132 7.644 0.122  0.132 7.644 0.122  0.090 2.589 0.026  0.001 6.678 

2-2-1  0.526 3.684 0.072  0.526 3.684 0.072  0.068 2.391 0.020  0.000 6.716 

2-2-2  0.000 8.821 0.000  0.000 8.821 0.000  0.050 2.784 0.012  0.000 6.990 
Fit: Share of samples within the combination of data challenges that is within +/1 cluster of the optimal solution; Variance: Difference between average cluster 

solution in the combination of data challenges and the average number in the optimal solution; Success: Share of simulated samples within the combination of data 

challenges that identified the correct number of clusters that was used to create the simulations. 
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Appendix Figure A1. Sequences for the five clusters in the real data from the German Family Panel (1,866 sequences, 264 time points and 

9 states)  

 

Note: S0 = Single, no children; S1 = Single with children; C0 = Cohabitation, no children; C1 = Cohabitation with children; M0 = Marriage, 

no children; M1 = Marriage, one child; M2 = Marriage with two or more children.  
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FOOTNOTES 

i Comparisons to considerably different dissimilarity measures (such as those highly sensitive to 

timing) would not be meaningful in a similar research design, as they would lead to different types 

of clusters. Such clusters would not be likely to correspond to the true (simulated) clusters well 

enough for any direct comparisons to be meaningful. 

ii Adding the two single categories of living together apart with or without children adds another 

data challenge of sequence states with few observations. More detailed sequence alphabets can 

make it more difficult for the cluster algorithm to provide robust identification of clusters. Living 

together apart without children (L0) represents a significant share of the single category (especially 

in the early years). Living together apart with children (L1) is at no point in the period larger than a 

few percent of the sample.  

 

                                                           


