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Abstract
Objective  To provide an overview of clustering methods for categorical time series (CTS), a data structure 
common in epidemiology, sociology, biology, and marketing, and to support method selection according to data 
characteristics.

Materials and methods  We searched PubMed (via MEDLINE), Web of Science, and Google Scholar up to November 
2024 for articles proposing and evaluating CTS clustering techniques. Methods were classified into three families—
distance-based, feature-based, and model-based—and assessed for their ability to address challenges such as 
variable sequence length, multivariate data, continuous time, missing data, covariates, and large data volumes.

Results  Of 14,607 records retrieved, 124 articles describing 129 methods were included. Distance-based approaches, 
especially those using Optimal Matching, were most common, with 56 methods. We found 28 model-based methods, 
which covered a broader range of complex data structures such as multivariate data, continuous time and time-
invariant covariates. We recorded 45 feature-based approaches, which were on average more scalable but less flexible. 
Fewer than half of the methods provided public implementations. A searchable Web application ​(​​​h​t​​t​p​s​​:​/​/​c​​t​s​​-​c​l​​u​s​t​​e​r​i​n​​
g​-​​s​c​o​p​i​n​g​-​r​e​v​i​e​w​-​7​s​x​q​j​3​s​a​m​e​q​v​m​w​k​v​n​z​f​y​n​z​.​s​t​r​e​a​m​l​i​t​.​a​p​p​/​​​​​) was developed to support method selection.

Discussion  CTS clustering methods are highly heterogeneous in assumptions, capabilities, and scalability. Distance-
based approaches dominate, but model-based methods offer richer modeling potential, while feature-based ones 
emphasize performance at the cost of flexibility.

Conclusion  This review highlights methodological diversity and gaps in CTS clustering. The proposed typology and 
Web application aim to help researchers choose appropriate methods to choose appropriate methods for their data. 
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​Background
Time series and sequence analysis consider observa-
tions of one or multiple variables ordered along a tempo-
ral or non-temporal scale. Variables can be real-valued, 
discrete, ordinal, or categorical. Among these, categori-
cal time series or sequences (CTS) represent a particu-
larly challenging case, as they lack a metric structure and 
involve symbolic, non-comparable values.

CTS consist of ordered lists of categorical observa-
tions and arise in many fields such as epidemiology (care 
trajectories) [1], sociology (social sequences reflecting 
socio-economic changes) [2], genomics (DNA sequences) 
[3], or marketing (clickstream data) [4]. Figure 2 (see 
Results section) illustrates this general structure.

A central objective of CTS analysis is to identify and 
group recurrent patterns across individual trajectories, 
enabling visualization, outlier detection, and hypothesis 
generation. The proliferation of approaches across disci-
plines has led to fragmented terminology. For example, 
in sociology, clustering approaches called “Sequence 
analysis” were popularized by Andrew Abbott, notably 
through the use of Optimal Matching (OM) dissimilari-
ties [2, 5], which operationalize sequence comparison via 
edit distances adapted from alignment algorithms such 
as the Needleman–Wunsch algorithm, widely used in 
biology.

Existing reviews on CTS clustering are restricted to 
specific application domains such as care trajectories [6, 
7] or social sequences [8] or to specific method families, 
and none of them provides a cross-disciplinary synthesis. 
The present scoping review aims to provide a compre-
hensive, cross-disciplinary synthesis of CTS clustering 
methods with the objective of guiding method selection 
according to key data characteristics, including sequence 
length heterogeneity, multidimensional observations, 
irregular or continuous sampling, missing data mecha-
nisms, incorporation of time-invariant covariates, and 
scalability to large CTS datasets

Methods
This review follows was reported according to the 
PRISMA-ScR guidelines [9].

Search strategy
We searched Google Scholar, Web of Science, and 
PubMed (MEDLINE) from inception to November 11, 
2024 using keywords related to “clustering”, “categorical”, 
and “sequence”. To capture domain-specific approaches, 
expressions such as “Sequence Analysis” were included. 
Full search terms are provided in the Appendix. Our pre-
liminary search revealed that each community refers to 
the CTS clustering task using different terminology; we 
therefore combined keywords related to the objects being 
clustered (e.g., “care trajectories”, “DNA sequences”) with 

keywords related to clustering methods (e.g., “latent 
class”, “dissimilarity”), and used synonyms for “categori-
cal” such as “nominal”.

Eligibility criteria
We included articles proposing CTS clustering meth-
ods and testing them on synthetic or real datasets. Stud-
ies restricted to numerical or ordinal sequences were 
excluded. Purely univariate binary sequences were also 
excluded because they form a distinct literature (e.g., 
time series of 0/1 events) that does not generalize to the 
CTS setting we focus on. However, methods applicable 
to binary multivariate sequences — which can represent 
one-hot encoded categorical sequences — were included. 
We also excluded: methods without clustering evalua-
tion, clustering-by-example approaches, clustering time-
stamps instead of sequences [10], pure application papers 
with no methodological description, and non-English or 
abstract-free publications.

Study selection
Screening was conducted in Covidence. Two review-
ers (OK and FP) first screened 100 records to align cri-
teria, then the remaining titles/abstracts were reviewed 
by one reviewer (OK). Next, 142 studies were screened 
by two reviewers (OK and FP), and the remainder by one 
reviewer (OK).

Data extraction
One reviewer (OK) extracted CTS clustering meth-
ods from included articles. When an included article 
described several methods, for instance, proposing a new 
method while also using older ones as baseline compara-
tors, the original paper introducing each method was 
retrieved and used as the primary reference. Supplemen-
tary materials and online code were also checked.

A second reviewer (AB) independently checked 10 
studies for data extraction.

We collected characteristics of datasets used to evalu-
ate methods: number of sequences (N), number of cat-
egorical variables (m), numbers of levels s1, . . . , sm, and 
longest sequence length (T). For multiple datasets, we 
retained the one with the largest value of N × |Sk| × T .

We noted the availability of code/software, how the 
number of clusters was determined (automatic, fixed by 
the user, or using post-hoc metrics such as Silhouette 
[11] or BIC [12]), and the number of hyperparameters.

Analysis
Communities and use cases
Each method was assigned to a community based on 
the disciplinary category of the publishing journal (Web 
of Science) or on the first author’s academic affilia-
tion (stated in the title of the article) for preprints. We 
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also described the data used to apply each method 
and grouped them into eight “use cases” (see Fig. 2 in 
Description section).

Clustering approaches
CTS clustering involves two subtasks: representing cat-
egorical sequential data, and applying a clustering algo-
rithm. The first subtask consists in mapping CTS into 
a suitable representation — a distance matrix, a feature 
vector, or a latent model — on which the clustering algo-
rithm is then applied in the second step. Three main 
approaches are commonly used for this first step, defin-
ing three method families:

 	– Distance-based: define dissimilarity measures for 
CTS and apply clustering algorithms to the resulting 
distance matrix (e.g., hierarchical clustering, 
k-medoids). Optimal Matching (OM), also called 
sequence alignment, edit or Levenshtein distance, is 
a key example. Here, “distance” and “dissimilarity” are 
used interchangeably, although these functions may 
violate metric properties such as triangle inequality 
or symmetry. Any method defining a dissimilarity 
function on CTS and processing a distance matrix is 
considered distance-based.

 	– Model-based: define generative models for CTS 
(e.g., Markov Chains, Generalized Linear Models) 
and estimate them on the dataset. Clustering is then 
derived from the learned model. Any method that 
fits a generative model to the entire dataset and uses 
it for clustering is considered model-based.

 	– Feature-based methods transform categorical 
time series into numerical vectors, allowing to 
process with standard clustering methods. This 
transformation results in loss of information. 
Features can be constructed by counting 
subsequences [13], estimating empirical transition 
matrices on each sequence [14], or computing 
autocorrelation vectors [15]. Once sequences are 
transformed into vectors of dimension d, they can 
be processed using generic clustering algorithms 
such as k-means or DBSCAN with any dissimilarity 
function on Rd. Any method that embeds sequences 
into a vector space is considered feature-based.

Each method was classified according to its family, then 
grouped into subcategories based on the distance, model, 
or featurization used. A complete list with discussion is 
provided in the Appendix.

Once the representation (distance, model, or fea-
tures) is set, a clustering paradigm is applied. We iden-
tified the main clustering paradigm used in this second 
step, such as partition-based (e.g., k-means), hierarchical 

(agglomerative/divisive), density-based (e.g., DBSCAN), 
and model-based approaches.

Accounting for specific data structures
We examined whether each method: 1) handled vary-
ing sequence lengths; 2) supported multivariate CTS 
(i.e. multiple categorical variables observed over time); 
3) treated time as a continuous variable rather than 
discretized; 4) included a mechanism for handling 
missing values (e.g. imputation); 5) incorporated time-
invariant covariates (e.g., age, gender) in the cluster-
ing process; and 6) scaled to large datasets (defined as 
N × |Sk| × T > 107). The first four characteristics were 
defined prior to the search from expert knowledge; time-
invariant covariates and scalability emerged from our 
reading of the literature.

Each characteristic reflects a common challenge in CTS 
analysis: multivariate data and variable-length sequences 
arise naturally in many applications [16]; irregularly sam-
pled observations, common in observational health data, 
naturally call for treating time as a continuous variable 
rather than a discrete index [17]; missing data are com-
mon in longitudinal studies, where participants may drop 
out or miss visits [18]; time-invariant covariates such 
as age or sex are routinely collected alongside sequence 
data, especially for health applications [19]; and scalabil-
ity becomes critical when datasets are large.

Dependency order
We assessed the dependency order each method can cap-
ture, defined as the maximum transition order consid-
ered when discriminating between sequences. If d = 0
, the method does not take temporal information into 
account and is agnostic to permutations of columns on 
the dataset. This is the case for Hamming distance and 
basic GBTM approaches. If d = k > 0, the method 
considers transitions of orders 1 to k, and its clustering 
function can be entirely built from k + 1-grams — this 
is the case for Markov-based approaches, with k = 1 in 
most cases. If d = ∞, the method cannot be built from 
k-grams for any finite k and considers transitions of 
any order — this is the case for OM-based approaches, 
which can align subsequences of arbitrary length. Further 
details are provided in the Appendix.

Results
Description
The electronic search retrieved 14607 unique articles. 
After full-text review, 124 articles were included, from 
which we identified 129 methods. These methods 
were used in eight main communities. The most repre-
sented was Artificial Intelligence with 30 (23.3%) meth-
ods, followed by Biology, Social Science (sociology and 
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Multivariate CTS are supported by n = 9 (16.1%
) distance-based methods. The most used strategy is 
Multichannel Sequence Analysis (MSA), extending OM 
to multiple variables [41]. Another option is encoding 
multivariate data in an Extended Alphabet. See [40] for 
a comparison of these two approaches. Continuous time 
is considered by n = 5 (8.9%) methods, through adapta-
tions of OM, Hamming, or Dynamic Time Warping [17, 
20, 79].

Missing values are explicitly handled in n = 5 (8.9%) 
methods. The only documented approach is to consider 
“Missing” as an additional categorical state, despite risks 
of artificial cluster formation as documented in [18]. 
Only one recorded distance-based approach integrates 
time-invariant covariates [19], with an application on 
care trajectories.

The computational cost of the OM dissimilarity is high 
and has been widely addressed in bioinformatics. As a 
result, classical OM-based methods are generally applied 
to relatively small datasets, with the product N × S × T  
ranging from 105 to 107. To improve scalability, several 
greedy heuristics avoid full pairwise distance computa-
tion [26, 33, 39], enabling N × S × T > 1010 and up to 
1012. These are referred to as selective distance-based 
methods.

Among distance-based methods, n = 11 (19.6%) have 
no reported hyperparameters. The most common are 
weights, especially substitution cost schemes (one weight 
per pair of categorical attributes) of OM [8], reported in 
n = 10 (18.0%) methods. These may be expert-driven 
(e.g., for DNA sequences) or data-driven (see [8] for an 
overview). Weights are also used in mixed Euclidean 
distances [80]. Finally, n = 6 (10.7%) methods require 
a similarity threshold (e.g., greedy [39] or graph-based 
approaches [81]).

Feature-based methods
We recorded n = 45 (34.9%) feature-based methods, 
showing a wide variery of strategies to construct feature 
vectors from CTS. The most common is using k-mers 
(or n-grams), found in n = 13 (28.9%) methods, where 
sequences are represented by subsequences of fixed 
length. These vectors are clustered directly [13, 82] or 
used in self-supervised learning pipelines [52, 54]. Other 
featurization techniques include Chaos Game Represen-
tation [58], empirical transition matrices [14], Fourier 
transforms [51], or latent representations obtained from 
deep learning [60].

Once vectorized, CTS can be clustered with standard 
numerical algorithms. Among the 45 approaches, parti-
tion-based methods (e.g., k-means, k-medoids, bisecting 
k-means) are most frequent (n = 21, 46.7%), followed by 
hierarchical clustering (n = 17, 37.8%).

economics), Statistics, Computer Science, and Health-
care. Figure 1 summarizes the screening process.

Full agreement was found at both stages involving two 
independent reviewers — title/abstract screening and 
data extraction.

Methods were evaluated in 171 applications, including 
biological sequences (DNA, protein), social sequences, 
care trajectories, and clickstream data. Figure 2 sum-
marizes the main use cases for CTS clustering, with the 
number of occurrences found in the literature and illus-
trated examples. Table 6, mapping methods to communi-
ties, is provided in the Appendix.

Half (n = 70, 54.3%) of the 129 identified methods did 
not provide a public implementation of any form. Among 
the 58 other methods, we differentiated the proposed 
methods with a simple publicly available code (typically 
via a GitHub link) (n = 30, 23.3%) from those imple-
mented in a package (n = 22, 17.1%) or free software 
(n = 6, 4.7%).

Identified methods and their characteristics
Tables 1, 2 and 3 summarize all the information we 
extracted for distance-based, feature-based and model-
based methods respectively. Due to space constraints, 
only the methods provided with public code are pre-
sented. Complete versions of these tables are provided in 
Appendix (section 8.7), adding methods from references 
94-152 an overview of methods by family, domain, and 
supported data characteristics can also be explored inter-
actively in our Web Application1, which allows filtering 
by any combination of these criteria.

Distance-based methods
We identified n = 56 (43.4%) distance-based methods, 
including n = 40 (71.4%) derived from Optimal Match-
ing (OM) dissimilarity or its simplified forms (e.g., Ham-
ming, Jaro, Longest Common Subsequence). Several 
studies, including those cited in [8], propose new strate-
gies to tune OM hyperparameters, particularly substitu-
tion costs [36, 43].

Among these methods, n = 24 (42.9%) rely on hierar-
chical clustering,with a marked preference for Ward link-
age (n = 8). Partitioning algorithms such as k-medoids 
appear in n = 9 methods (16.1%), and graph-based 
approaches in n = 6 (10.7%), typically through parti-
tioning on neighborhood graphs. Most (n = 50, 89.3%
) handle varying sequence lengths. In particular, OM 
dissimilarity allows deletion, enabling comparison of 
sequences of different lengths, although preprocessing to 
equalize lengths is often recommended (see the chapter 
of [78] focusing on Care Trajectories analysis).

1 https:/​/cts-cl​usterin​g-sc​oping-​review-​7sxqj3s​ameq​vmwkvnzfynz.stream-
lit.app/

https://cts-clustering-scoping-review-7sxqj3sameqvmwkvnzfynz.streamlit.app/
https://cts-clustering-scoping-review-7sxqj3sameqvmwkvnzfynz.streamlit.app/
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Fig. 1  Prisma flow diagram
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All 45 methods support varying sequence lengths. 
However, most originate from bioinformatics and focus 
on DNA, RNA, or protein sequences, leaving some struc-
tures underexplored. Continuous time is handled in 
n = 2 (4.4%) methods [53, 56], and n = 4 (8.9%) process 

multivariate CTS [59, 60, 83, 84]. Only one addresses 
missing data [14], and none incorporate time-invariant 
covariates.

Many of these methods have been developed in bioin-
formatics to process large datasets without computing 

Fig. 2  Main use cases for CTS clustering, with number of found occurrences and illustrated examples from the literature
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all pairwise dissimilarities. Aside from the ’selective’ dis-
tance-based methods mentioned earlier, feature-based 
methods are those that allow for handling the largest 
data volumes, particularly in the field of bioinformatics. 
Among them, n = 8 (17.8%) were tested on large-scale 
datasets, with N × S × T  ranging from 108 to 1011.

Their most common hyperparameter encodes the 
dependency order (Appendix), reported in n = 20 
(44.4%) methods. It corresponds to subsequence length 
in k-mers [13], sliding window size [44], or Markov order 
[14], and governs both complexity and runtime. Addi-
tionally, n = 9 (20%) rely on ML algorithms, requiring 
hyperparameters such as learning rate, number of layers 
for deep learning approaches [60], or number of trees for 
Random Forest approaches [44].

Model-based methods
We identified n = 28 model-based methods (21.7%). 
Markov chains and Hidden Markov Models (HMMs) 
and variants dominate (n = 16, 57.1%). Generalized 
Linear Models (GLMs) adapted to CTS data appear in 
n = 6 approaches (21.4%). The Expectation–Maximiza-
tion (EM) algorithm is used in n = 17 methods (60.7%
) for mixture estimation, while Bayesian approaches rely 
on Markov Chain Monte Carlo in n = 7 methods (25%).

Most model-based methods handle varying sequence 
lengths (n = 25, 89.3%). A subset supports multivariate 
CTS (n = 9, 32.1%), including GLM [71, 75] and HMM 
[74, 85] extensions, and a Transformer-based method 
[60].

Continuous time is addressed in n = 10 methods 
(35.7%), through adaptations of Markov models [86, 
87], time-dependent GLMs [77, 88], or latent func-
tional representations [56, 69]. Missing data are explic-
itly considered in n = 10 methods (35.7%), generally by 
model-based imputation. Time-invariant covariates are 
incorporated in n = 11 approaches (39.3%), typically as 
predictors of cluster membership [62] via a multinomial 
logit model, or fixed effects in GLMs [75].

Model-based approaches are notoriously less scal-
able than other families due to the computational com-
plexity of algorithms such as EM or MCMC. As a result, 
only n = 4 methods have been tested on large datasets 
(14.3%), while most target N × S × T  from 104 to 107.

All of the n = 17 methods relying on the EM algorithm 
require initialization. In practice, this is often done via 
grid search. Bayesian approaches require prior specifi-
cation. One Markov-based method leaves dependency 
order open [89], while others fix it to order 1. GLM-based 
methods require defining model structure (e.g., time 
effects, random effects) and selecting a baseline category 
for identifiability.
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Number of clusters choice
Among the 129 methods, n = 55 (42.6%) did not provide 
a generic way to select the number of clusters, leaving the 
choice to the user. n = 19 methods (14.7%) determine 
it automatically (e.g., via stopping rules). The remaining 
approaches rely on post-hoc criteria comparing multiple 
solutions. AIC or BIC are used in n = 18 methods (14.0%
), mainly within model-based approaches, as they balance 
likelihood and complexity. Among distance-based and 
feature-based methods, Silhouette-based criteria [11] 
are most common, including Average Silhouette Width 
(ASW), used in n = 13 methods. Other criteria appear 
sporadically without a clear dominant trend.

Web application
To make navigation through our results as easy as pos-
sible, we built a Streamlit Web Application2. This appli-
cation allows to filter methods based on a combination 
of specific cases (e.g : covariates and multivariate) or 
on tested use-cases (e.g if the user only wants methods 
that have been already tested on care trajectories). Its 
code and the list of methods are open source and can be 
improved based on readers suggestions.

Discussion
Our scoping review identified 129 methods for CTS clus-
tering. The variety of approaches stems from two main 
challenges in CTS analysis: giving a metric structure to 
categorical data, and modeling dependency. From these 
two challenges, three types of approaches emerged from 
the literature: distance-based, feature-based and model-
based CTS clustering, each with several subcategories.

A comparison of the three method families for CTS 
clustering
Distance-based approaches remain the most common, 
with OM being the most popular overall. Their main 
advantage is that they are non-parametric and require 
no assumption on the generative process of the data. A 
wide variety of distances is available, among which OM 
and its variants allow researchers to finely define and 
interpret the notion of dissimilarity between sequences 
for their specific use case; once this is done, applying a 
well-established clustering algorithm such as hierarchical 
Ward or k-medoids is straightforward. Reliable and well-
documented software such as TraMineR [90] also facili-
tates their use. However, distance-based methods have 
notable limitations: the choice of substitution costs in 
OM remains difficult and debated [8]; scalability is lim-
ited for classical OM-based methods, though selective 
heuristics partially address this [26, 33, 39]. Missing data 

2 https:​​​//c​ts-cluster​ing-​sco​pi​ng-r​ev​iew-7sx​qj3s​ameqvmwkv​nzfynz.st​ream-
lit.app/

are poorly handled among distance-based methods, with 
treating missingness as an additional state being the only 
documented strategy, despite its tendency to create artifi-
cial clusters as reported in [18].

Among the three families, model-based methods offer 
the best ability to handle specific data structures. Their 
probabilistic framework yields soft cluster assignments 
and enables uncertainty quantification; confidence inter-
vals on model parameters can be derived, and the fit-
ted model can also be used as a data generator, which 
is useful for simulation or data augmentation. GLM 
and HMM-based approaches are particularly flexible, 
and [88] even addresses all five considered challenges 
simultaneously. Reliable implementations are available, 
notably seqHMM [74] for hidden Markov model-based 
clustering. However, these approaches are also the most 
demanding: they are harder to use, involve more hyper-
parameters (e.g. prior choice for Bayesian approaches, 
choice of a baseline categorical state for GLMs, EM ini-
tialization), and rely on stronger assumptions about the 
generative process of the data. They also scale less easily, 
although some methods have been tested on moderately 
large datasets [63, 76, 88].

At the other end, feature-based approaches are the 
most scalable, with several methods tested on datasets 
of N × S × T > 108. Embedding sequences into a vector 
space enables the use of standard clustering algorithms, 
as well as dimensionality reduction and visualization (e.g. 
PCA, t-SNE) of the cluster structure. They present a large 
variability in how feature vectors are constructed and 
processed, with k-mers being the most popular approach; 
k-mers also carry a natural Markovian interpretation, and 
integrate well with modern self-supervised learning pipe-
lines. Many of them were developed to avoid computing 
all alignment distances; for this reason, they are often 
referred to as “alignment-free” methods [91], especially 
in large-scale applications. However, feature-based meth-
ods remain the least flexible family: most were developed 
for biological sequences and leave several structural cases 
— continuous time, missing data, covariates — unad-
dressed, particularly when they appear simultaneously. 
A feature-based approach that could simultaneously 
address several of these challenges while remaining scal-
able seems a promising direction for future research.

Choosing a method based on dataset characteristics
To pick a CTS clustering method, researchers should 
consider six data characteristics: varying sequence 
lengths, multivariate data, continuous time, missing 
data, time-invariant covariates, and large data volumes. 
These issues are especially common in epidemiology with 
observational datasets presenting irregular sampling, 
baseline data, missingness, and censoring.

https://cts-clustering-scoping-review-7sxqj3sameqvmwkvnzfynz.streamlit.app/
https://cts-clustering-scoping-review-7sxqj3sameqvmwkvnzfynz.streamlit.app/
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If sequences have variable lengths, most methods 
are applicable, as this is the best-covered characteris-
tic (n = 118, 91.5%). For multivariate CTS, the choice 
is more constrained (n = 23, 17.8%) : Multichannel 
Sequence Analysis [41] and Extended Alphabet [40] are 
the main distance-based options, while GLM [71, 75] and 
HMM [74] extensions cover the model-based side. When 
time is continuous or irregularly sampled, only n = 18 
methods (14.0%) are applicable, mostly model-based or 
specific adaptations of OM and Hamming [17, 79].

Missing data remains the least covered characteristic 
(n = 16, 12.4%). In practice, model-based approaches are 
the most principled option, as they can perform model-
based imputation [74]; the only documented strategy 
in distance-based methods - treating missingness as an 
additional state - carries risks of artificial cluster forma-
tion [18]. When time-invariant covariates must be incor-
porated, model-based approaches are again the natural 
choice [74, 75, 77, 88, 92], with the exception of one dis-
tance-based method [19].

For large datasets, feature-based and selective distance-
based methods are the most appropriate, as they avoid 
computing all pairwise dissimilarities. Most of these were 
developed in the bioinformatics field, with N × S × T  
ranging from 108 to 1011. Finally, the availability of pub-
lic code should also guide method selection : half of the 
identified methods (n = 70, 54.3%) do not provide a pub-
lic implementation, which creates a significant burden for 
researchers who would need to reimplement them.

Limitations
Our review has some limitations. First, even though the 
number of identified methods (129) can be considered 
high, we had to make choices in the keyword search that 
may have caused us to miss a few, or even entire fields 
of application for CTS clustering. Additionally, most 
screening and data extraction were performed by a single 
reviewer, which may introduce a risk of missed studies 
or inconsistent coding decisions, despite joint screening 
at key stages and full agreement observed during double 
extraction.

Second, it does not seem reasonable to benchmark 
all of the 129 methods at a time, since we showed that 
they are not designed for the same use-cases. Moreover, 
even benchmarking a few methods inside a specific use-
case requires choosing several generative mechanisms 
to build synthetic datasets and assessing each clustering 
method knowing the ground truth. Otherwise, a method 
may be artificially advantaged if the evaluation relies pri-
marily on mechanisms that closely match its underlying 
assumptions. Finally, one or several real-life datasets are 
required, for example to perform a sensitivity analysis. 
This falls outside the scope of this review, but could con-
stitute another work in its own right.

Thirdly, our choice of N × |S| × T  as a simple proxy 
for dataset size is debatable; most reviewed papers do 
not report runtime, memory usage, or hardware speci-
fications, making a more precise scalability comparison 
infeasible.

Finally, as we focused exclusively on the clustering task, 
we overlooked many CTS analysis tools and models, 
since they did not provide clusters natively.

Open problems and future research directions
Several challenges identified in this review remain under-
explored and call for future work.

Missing data handling is the least covered charac-
teristic among the reviewed methods; beyond classical 
imputation strategies, some forms of missingness such 
as right-censored sequences — common in survival and 
epidemiological data — remain largely unexplored in the 
CTS clustering literature. A dedicated benchmark com-
paring available strategies across CTS clustering meth-
ods would be a valuable contribution, building on recent 
work by [93].

More broadly, a systematic benchmark comparing clus-
tering methods across families, using synthetic datasets 
generated from both HMM and GLM frameworks, under 
multiple scenarios varying the degree of non-stationarity, 
alphabet size, sequence length, and dataset size, would 
make a significant contribution to the CTS literature.

Scalability also remains an open problem outside of 
bioinformatics: most methods applicable to health or 
social data do not scale beyond N × S × T ∼ 107, and 
computational optimization of existing software such as 
parallelization of TraMineR [90] or seqHMM [74], would 
significantly improve their practical usability on larger 
datasets.

Feature-based methods in particular could benefit from 
extensions addressing multivariate data, missing data, 
and covariates simultaneously, while remaining scal-
able and geometrically interpretable, which none of the 
reviewed methods currently achieves.

Finally, reproducibility remains a concern : research-
ers looking for reliable implementations should note 
that TraMineR [90] provides a comprehensive suite for 
distance-based methods; seqHMM [74] is the reference 
implementation for mixture hidden Markov model-based 
clustering; and ctsfeatures [57] offers feature-based clus-
tering tools for CTS. We encourage authors of future 
methods to provide at minimum a public code repository 
alongside their publication.

Conclusion
This scoping review identified 129 methods for CTS clus-
tering across 8 communities, organized into three fami-
lies and assessed along six data characteristics. Key gaps 
remain, particularly in handling missing data, scalability 
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outside bioinformatics, and flexibility of feature-based 
methods. The companion Web Application aims to help 
researchers navigate this landscape and select the most 
appropriate method for their data.
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