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Abstract
Objectives: This systematic review aims to elucidate the methodological practices and reporting standards associated with sequence
analysis (SA) for the identification of clinical pathways in real-world scenarios, using routinely collected data.

Study Design and Setting: We conducted a methodological systematic review, searching five medical and health databases: MED-
LINE, PsycINFO, CINAHL, EMBASE and Web of Science. The search encompassed articles from the inception of these databases up
to February 28, 2023. The search strategy comprised two distinctive sets of search terms, specifically focused on sequence analysis and
clinical pathways.

Results: 19 studies met the eligibility criteria for this systematic review. Nearly 60% of the included studies were published in or after
2021, with a significant proportion originating from Canada (n 5 7) and France (n 5 5). 90% of the studies adhered to the fundamental SA
steps. The optimal matching (OM) method emerged as the most frequently employed dissimilarity measure (63%), while agglomerative
hierarchical clustering using Ward’s linkage was the preferred clustering algorithm (53%). However, it is imperative to underline that a
majority of the studies inadequately reported key methodological decisions pertaining to SA.

Conclusion: This review underscores the necessity for enhanced transparency in reporting both data management procedures and key
methodological choices within SA processes. The development of reporting guidelines and a robust appraisal tool tailored to assess the
quality of SA would be invaluable for researchers in this field.
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Plain Language Summary: Clinical pathways (CPs) are like detailed plans for treating specific diseases or
medical conditions. They help doctors and healthcare teams provide effective, evidence-based, and safe care to
patients. However, clinical pathways are not consistently followed in clinical practice, especially for chronic
conditions. Methods such as sequence analysis are used to identify ‘real-world’ patterns of care from patients’
electronic health records. This study identified and reviewed 19 publications using sequence analysis to explore
‘real world’ clinical pathways. Despite the potential of sequence analysis, the methods used varied greatly. This
review highlights the need for clearer reporting and some additional guidelines for researchers intending to use
sequence analysis to explore clinical pathways using real-world patient data. � 2023 The Author(s). Published
by Elsevier Inc. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/

4.0/).
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1. Introduction

A clinical pathway (CP), also known as a care pathway,
serves as a multidisciplinary care plan for a specific disease
or medical condition that outlines effective treatment for a
patient [1]. CPs are widely used tools in evidence-based
healthcare, facilitating the translation of clinical practice
guideline recommendations into specific care processes,
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What is new?

Key Findings
� Sequence analysis (SA) represents an innovative

approach within healthcare research, increasingly
applied in recent years to uncover trajectories
across a spectrum of clinical outcomes.

What this adds to what is known?
� None of the studies in this review provided account

of their data retrieval process, presumably due to
the intricacies inherent in working with routinely
collected data.

� This review underscores the pressing need for
heightened precision and transparency in the re-
porting of data management procedures and pivotal
methodological choices integral to the SA process.

What is the implication and what should change
now?
� The development of comprehensive guideline for

transparently documenting the technical intricacies
associated with analytical process along with the
creation of a critical appraisal tool tailored to
assess the quality of studies, stands to greatly
benefit researchers in this field.
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and enhancing patient safety and efficiency in healthcare
[2]. Since the 1990s, the adoption of CPs has increased in
Europe, starting in the United Kingdom (UK), and gradu-
ally embraced by various European countries [2]. The Eu-
ropean Pathways Association (EPA), established in 2004,
supports the development, implementation, and evaluation
of CPs throughout Europe. As per the EPA’s mission, CPs
aim to elevate the quality of care by improving patient out-
comes, promoting patient safety, increasing patient satisfac-
tion, and optimising resource utilisation [3].

Typically, CPs are developed collaboratively by healthcare
teams and are grounded in evidence-based guidelines and
practices [2]. Nevertheless, the universal application of this
approach across all clinical contexts presents challenges due
to healthcare professionals’ time and resource constraints
and the continuous evolution of healthcare processes [4]. To
address these challenges, data-driven techniques can support
empirically identifying effective care patterns by analysing
routinely collected electronic health records (EHRs) [5].
Among these techniques, process mining, machine learning
and latent class models have found their places in scrutinising
CPs and care patterns from EHR data [6e8]. Nevertheless,
they often fall short in the intricate temporal sequencing and
event patterns in the patient’s healthcare journey. Enter
Sequence Analysis (SA), an emerging epidemiological
approach derived from social sciences, designed to delve into
ordered sequences of healthcare events and classify individ-
uals into distinct groups exhibiting similar care patterns [5].
Process mining focuses on mapping and optimising patient
flow within the healthcare system. Latent class analysis cate-
gorises patients into distinct groups based on shared health-
care characteristics. In contrast, machine learning is utilised
for predicting patient outcomes, diagnosing diseases, and
providing personalised treatment recommendations using his-
torical patient data. SA, our focus, uniquely addresses the tem-
poral dynamics and sequential patterns in patient care
pathways. SA promises insights into treatment patterns and
their effectiveness, which, in turn, can inform the redesign
and optimisation of existing care pathways [9].

Abbott and Tsay (2000) outline the fundamental steps
of SA, which encompass selecting a suitable alphabet to
represent the states and time interval, determining dissim-
ilarity or distance measures, and clustering sequences
based on calculated dissimilarity [10]. In the initial step,
the states are defined, guided by the research question.
Once the states are established, decisions resolve around
the time interval and observation period [11]. Subse-
quently, sequences are compared in pairs, and dissimi-
larity estimation comes into play. SA employs two
techniques to measure sequence dissimilarity. The first
method involves non-aligning methods, counting common
attributes like longest common subsequences (LCS) or
distinct common subsequences. The second method relies
on optimal matching (OM), quantifying the degree of
dissimilarity between pairs of sequences by considering
elementary operations such as insertions, deletions, and
substitutions, along with their associated minimum costs
required to transform one sequence into the another
[12]. Based on the computed dissimilarity measures, clus-
tering techniques classify the sequences into groups with
similar patterns. One such clustering method is agglomer-
ative hierarchical clustering, which progressively groups
cases into larger clusters by a linkage criterion, often uti-
lising Ward’s linkage criterion to ensure within-cluster ho-
mogeneity [12]. Another approach is partitioned around
the medoid algorithm, which initially assigns cases to k
clusters randomly. Through an iterative procedure, it allo-
cates the cases to clusters based on their dissimilarity to
the medoid, the reference case with minimal average
dissimilarity within each cluster [12].

Liao and colleagues further enrich the SA methodol-
ogy by discussing advancements in various facets,
including sequence visualisation techniques, sequence
complexity measures, dissimilarity indices, group and
cluster analyses of dissimilarities, and extensions of SA
to account for the complexity of sequences [13]. Over
the past decade, methodological improvements and the
availability of statistical software packages have signifi-
cantly broadened SA’s application, transcending various
fields including healthcare research [13]. Consequently,
the utilisation of SA in healthcare research has been on
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a steady ascent, offering a robust tool for dissecting intri-
cate longitudinal data.

There was a previous scoping review on the application
of SA in health services research, which identified 13
studies published before 2019 [14]. However, most of the
included studies used data from well-defined settings with
limited sample size and may not represent the ‘real world’
scenario. Furthermore, none of the reviewed studies em-
ployed advanced multichannel SA, presumably because
the utilization of SA methods in healthcare was in its
infancy.

Given the developments, a comprehensive review of the
medical literature concerning the application of SA in
exploring care trajectories is warranted for several reasons.
Firstly, an updated review is essential to focus on recent
studies leveraging extensive and diverse datasets, such as
EHRs and administrative databases, to effectively capture
complex care trajectories within real-world healthcare set-
tings. Secondly, the field of SA has witnessed notable ad-
vancements in recent years, and the revised review can
shed light on these innovations and their potential implica-
tions for health services research, providing researchers
with up-to-date insights into SA techniques. Lastly, the
revised review addresses a crucial gap identified in the pre-
vious review: the need of more, transparent explanations of
key methodological decisions within the context of SA.
Thus, the primary objective of this review is to update
the findings of the previous scoping review and systemati-
cally evaluate the SA methodological applicability in eluci-
dating clinical pathways using real-world, routinely
collected data.
2. Methods

2.1. Study design

We conducted a methodological systematic review
adhering to the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) guideline [15].
The protocol was registered in the PROSPERO interna-
tional prospective register of systematic reviews (registra-
tion number: CRD42023420532).

2.2. Search strategy and information sources

The search strategy was employed in five medical and
health databases: MEDLINE, PsycINFO, CINAHL, EM-
BASE and Web of Science. The databases were searched
from their inception until February 28, 2023. The search
strategy consisted of two specific groups of search terms
focusing on sequence analysis and clinical pathways. The
complete search strategy, along with the number of records
retrieved, are presented in Appendix A. The citation and
reference lists of the included papers were also reviewed,
and potentially relevant publications were manually
searched and included in the review.
2.3. Eligibility criteria

Our inclusion criteria encompassed real-world longitudi-
nal observational studies employing SA to identify health-
care trajectories of individuals across all age groups and for
any medical condition. We excluded studies utilising SA
for purposes other than examining care pathways (e.g.,
health states, natural history of disease, biological, psycho-
logical, or social characteristics, events, processes, and out-
comes). We also omitted publications that did not constitute
original research articles, and non-English language articles
that could not be translated within the timeframe of this
review.
2.4. Study selection

All retrieved publications were imported into the
Rayyan web application (https://www.rayyan.ai/) where
they were de-duplicated and screened. The de-duplication
process was executed manually. The main reviewer (SM)
was responsible for screening all articles for eligibility,
which involved scrutiny of title/abstracts followed by a
full-text review. A second reviewer (BSS) independently re-
viewed a random 10% subset of the search results during
both the title/abstract screening and full text screening
phases. Any discrepancies arising from this process were
subject to discussion and resolution among the remaining
review team members (DY, GP and EP).
2.5. Data extraction

SM undertook data extraction using an Excel spread-
sheet form. The form underwent piloting and refinement
in consultation with team members. The information ex-
tracted from eligible research articles included the
following details: author(s), year of publication, country
of origin, the aim or objective of the study, data source used
to obtain the relevant data, study population, sample size,
disease/condition of interest, how healthcare events or
states in sequence defined and measured, index date or
starting point of the study period, duration of the observa-
tion, intervals and timeline of sequences, method employed
for calculating the dissimilarity matrix and cost settings (if
applicable), clustering algorithm utilised for grouping or
categorising the data, decision made regarding the optimal
number of clusters identified and methodologies used for
identifying predictors of clusters.
2.6. Synthesis of the results

The review provided a descriptive summary of relevant
features of eligible research studies, with a primary focus
on the employed SA methodologies. Separate summaries
were provided to describe the characteristics of study pop-
ulation, methodologies of SA used, statistical methods used
to identify significant covariates among clusters, and

https://www.rayyan.ai/
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strategies employed for recognising and managing data
quality issues.

2.7. Critical appraisal tool

As the studies in the review were longitudinal quantita-
tive observational studies, the existing tools for conven-
tional study designs, such as cohort study, case-control
study, cross-sectional study or randomised controlled trial,
could not be used to appraise the studies in the review crit-
ically. Therefore, we adapted items from the Real-World
Observational Studies (ArRoWS) critical appraisal tool
[16] and The REporting of studies Conducted using Obser-
vational Routinely collected health Data (RECORD) State-
ment [17] to suit the specific aspects of SA that were
pertinent to the review (see Appendix B).
3. Results

3.1. Study selection and critical appraisal

The PRISMA flow diagram summarises the entire re-
view process (Fig. 1). A total of 6,806 unique records un-
derwent screening, ultimately resulting in the inclusion of
19 studies. Detailed information regarding the distribution
of each item in critical appraisal tool, along with corre-
sponding percentages, are presented in Table 1.

3.2. Characteristics of eligible studies

A noteworthy majority (n 5 14) of the studies included
in this review were published after the previous scoping re-
view. These studies predominantly originated from Canada
Fig. 1. PRISMA flow diagram. (For interpretation of the references to color
article.)
(n 5 7) and France (n 5 5) (Table 2). Various data sources
were utilised across these studies, with sample size ranging
from approximately 800e64,000 participants. Notably,
none of the studies provided an explicit account of their
data retrieval process, likely due to the inherent complexity
of working with routinely collected data.

As detailed in Table 3, the SA method was applied to
explore diverse clinical scenarios. Twelve (63%) studies
focused on care trajectories post-diagnosis of diseases,
while 2 (11%) studies delved into trajectories preceding a
clinical condition or a medical procedure. Additionally,
3 (16%) studies examined hospitalisation patterns over a
3-year period, one study scrutinised care trajectories for
patients admitted with infections caused by antibiotic-
resistant bacteria and another study probed into care trajec-
tories in prenatal care consumption.
3.3. Methods used in SA

A significant majority (n 5 16) of the studies opted for
unidimensional SA, including three studies that combined
multiple dimensions of care into one dimension and one
study that performed unidimensional SA on multiple di-
mensions independently (Table 3). Further, three studies
chose multichannel SA to account for the multidimensional
aspects of care trajectories.

The definition of time intervals exhibited considerable
variability across studies, with daily intervals (n 5 6) rep-
resenting the shortest duration and yearly intervals (n 5 1)
signifying the widest timespan. Consequently, the sequence
length of care trajectories ranged from 6 to 1095 depending
on the time interval and study duration.
in this figure legend, the reader is referred to the Web version of this



Table 1. Summary of critical appraisal of included studies (n 5 19)

Sl. No. Items Yes (%) Not reported (%) Not applicable (%)

1 Is the research question or objective(s)
clear?

19 (100) 0 0

2 Is the study population clearly and fully
described?

19 (100) 0 0

3 Are the three typical steps of SA
described?

3.1) The selection of a suitable alphabet
for the states and time unit

18 (95) 1 (5) 0

3.2) The choice of a suitable:

Dissimilarity measure 17 (90) 0 2 (11)

Cost setting 9 (47) 5 (26) 5 (26)

3.3) Building of typology of trajectories 17 (90) 0 2 (11)

4 Are the statistical analyses clearly defined
and appropriate?

19 (100) 0 0

5 Have the authors described handling of
missing data in SA?

15 (79) 4 (21) 0

6 Have the authors described sensitivity
analysis?

4 (21) 12 (63) 2 (11)

7 Are the limitations of the study
described?

19 (100) 0 0

8 Have the authors drawn appropriate
conclusions from their results?

19 (100) 0 0

Table 2. Characteristics of included studies (n 5 19)

Characteristics n (%)

Year of publicationa

Up to 2018 3 (16)

2019e2020 5 (26)

2021e2023 11 (58)

Country

Canada 7 (37)

France 5 (26)

Germany 2 (11)

China 2 (11)

Switzerland 1 (5)

Finland 1 (5)

UK 1 (5)

Data source

Health insurance data 7 (37)

National health data system/registries 4 (21)

Linked health administrative and
community health survey database

3 (16)

Hospital medical records 3 (16)

Linked health administrative and
clinical data

1 (5)

Electronic health records 1 (5)

a Three studies until 2018 and two studies from 2019 were
included in a previous scoping review.
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Among the studies, two used SA solely as a descriptive
tool for visualising the sequence of events. Within the re-
maining studies, Optimal Matching (OM) emerges as the
predominant dissimilarity measure (n5 12). However, only
seven of them specified the cost settings for the three basic
operations (deletion, insertion, and substitution) within
OM. These cost settings typically featured an indel cost
of one and a substitution cost matrix predicated on esti-
mated transition rates (Table 4). A majority of the studies
(n 5 10) performed agglomerative hierarchical clustering
using Ward’s linkage as the preferred criterion for ensuring
within-cluster homogeneity. The selection of the optimum
number of clusters varied across studies, highlighting the
diversity in approaches. Importantly, most studies provided
insufficient detail regarding the key methodological deci-
sions associated with SA.

Beyond SA, most of the studies (n 5 16) carried out
parametric or non-parametric statistical tests to compare
the patient characteristics among cluster memberships.
Seven studies investigated the cluster membership as a pre-
dictor for various outcomes, including mortality, self-
perceived general health, and pain inference.

This review found that 79% (n 5 15) of the studies
introduced an additional state to account for instances
where no care events were recorded. Given the inherent
subjectivity involved in the SA methodology, including
choices related to time interval, dissimilarity metrics, cost
setting, and clustering algorithm, only four studies conduct-
ed multiple alternative analyses with varying selections to
evaluate the robustness of their findings.



Table 3. Application and type of sequence analysis (n 5 19)

Methods n (%)

Application of SA in healthcare research

Care pathways of individuals after the
diagnosis of:

Chronic obstructive pulmonary
disease [18,19]

2 (11)

Multiple sclerosis [20,21] 2 (11)

Diabetes [22,23] 2 (11)

Heart failure [24,25] 2 (11)

Arthritis conditions [26] 1 (5)

End-stage renal disease [27] 1 (5)

Prostate cancer [28] 1 (5)

Schizophrenia [29] 1 (5)

Care pathways of individuals prior to:

Diagnosis of schizophrenia [30] 1 (5)

Invasive coronary angiography [31] 1 (5)

Hospitalisation pattern following:

Diagnosis of alcohol use disorders
[32]

1 (5)

Diagnosis of major psychiatric
disorders [33]

1 (5)

Deinstitutionalisation [34] 1 (5)

Care trajectories for patients admitted
with infections caused by antibiotic-
resistant bacteria [35]

1 (5)

Care trajectories in prenatal care
consumption [36]

1 (5)

Dimensions in SA

Multidimensional [18,21,29] 3 (16)

Combined dimensions [19,26,31] 3 (16)

Unidimensional [20,22e25,27
e29,32e36]

13 (68)

Time interval: n (sequence length range)

Days [23,29,32e35] 6 (360e1095)

Weekly [22,30,37] 3 (52e104)

Monthly [19,26,27,36] 4 (9e48)

Quarterly [24,31] 2 (6e8)

Half-yearly [21,28] 2 (7e26)

Yearly [20] 1 (7)

Not clear [25] 1

SA indicates sequence analysis.
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4. Discussion

This systematic review marks the first comprehensive
assessment of the methodological application of SA in
identifying real-world CPs from routinely collected data.
Several important findings emerge from this investigation.
Firstly, there has been a notable surge in the utilisation of
SA for comprehending care pathways in recent years. In
contrast to a previous scoping review, which included arti-
cles up to 2019, that identified only five studies employing
SA to explore care pathways utilising routinely collected
data [20,24,25,27,36], there has been a substantial increase
in the adoption of this methodology for understanding care
trajectories associated with diverse medical conditions.
Secondly, it is evident that studies included in the review
continue to exhibit deficiencies in reporting key methodo-
logical decisions associated with SA, mirroring the findings
of the previous scoping review. Notably, the subjective na-
ture of choices related to SA parameters, including the defi-
nition of states, time intervals and observation period, and
dissimilarity measures, exerts a significant influence on
the resulting outcomes and insights derived from the anal-
ysis [22]. Aligning these parameter choices with the
research objective is crucial [11,13]. A select few studies
resorted to defining states of healthcare utilisation closely
reflecting the ‘‘6W’’ model proposed by Vanasse and col-
leagues [18]. This model, which elucidates care trajectories
by considering successive interactions in time ("when") be-
tween patients ("who") and healthcare services, specifically
the healthcare settings ("where"), the reason for consulta-
tion ("why"), the care providers involved ("which"), and
the sequence of services received ("what") over a specific
period of time. This model allowed for the observation of
multiple trajectories for each individual, and the goal of
multichannel SA was to investigate how these trajectories
unfold jointly [38]. Consequently, insights derived from
cluster patterns generated through multichannel SA prove
invaluable for informing patient care, management, and
health services planning.

The granularity of the analysis is heavily influenced by
the choice of time intervals [12]. Smaller intervals, such
as daily, yield more data points, heightening sensitivity to
changes and events. Conversely, broader time intervals,
such as monthly, necessitate the establishment of hierar-
chies to account for the potential occurrence of multiple
care events within the chosen time frame [22]. In such
cases, events with higher priority are typically selected, pri-
oritising hospital and emergency visits over ambulatory
care visits, and specialists over primary care providers
[37]. Thus, the researchers must judiciously select time in-
tervals based on their interests in the presence of each state
or the overall pattern of care rather than transitions between
care states. Moreover, the selection of an observation
period and time intervals crucially determines the length
of the sequences. Dlouhy and Biemann’s simulation study
on career sequences, recommends a minimum sequence
length of 25 ensuring high-quality outcomes [39]. The
maximal distance between a pair of sequences depends
on their length. Normalization becomes necessary to ac-
count for these differences when dealing with sequences
of different lengths. Normalization seeks to set the maximal
distance to 1, or a value independent of sequence lengths
[40].

The choice of dissimilarity measure significantly im-
pacts the results of SA. While OM remains the most prev-
alent dissimilarity measure, various alternative methods are
available [30]. Studer and Ritschard conducted a compre-
hensive and critical review of these dissimilarity measures,



Table 4. Clustering techniques and decision on optimum number of
clusters (n 5 17)

Methods n (%)

Dissimilarity measures and cost-setting

Optimal matching with indel cost of
one and substitution cost matrix of
estimated transition rates

7 (41)

Optimal matching (not specified cost
setting)

5 (29)

Localised optimal matching with
substitution cost matrix based on
Gower distance method

1 (6)

Simple Hamming distance 1 (6)

Dynamic Hamming distance with
substitution cost matrix based on
time varying state transitions

1 (6)

Longest common subsequence 2 (12)

Clustering techniques

Agglomerative hierarchical clustering
using Ward’s linkage

10 (59)

Hierarchical clustering (not specified
linkage criterion)

1 (6)

Cluster analysis (not specified which
method)

2 (12)

Partitioned around medoid 3 (18)

Regression tree analysis 1 (6)

Criteria on optimum no. of clusters

Dendrogram 6 (35)

Inertia curve 6 (35)

Interpretability and clinical meaning 8 (47)

Average Silhouette width 6 (35)

Hubert’s C 2 (12)

Minimum sample size in cluster 2 (12)

Not mentioned 1 (6)
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providing researchers with guidance for selecting an appro-
priate measure aligned with their research objective [41].
The application of agglomerative hierarchical clustering
based on Ward’s linkage, which minimises within-cluster
variance [12]; was predominant among the reviewed
studies. However, three studies opted for the partitioned
around the medoid algorithm [24,28,31], which necessitates
the initial specification of the number of clusters [12].
Different initial partitions can yield distinct final clusters,
highlighting the importance of selecting the optimum num-
ber of clusters based on quality indices, statistical criteria
and, moreover, clinical meaning and interpretation of the
clusters [42].

Finally, defining medical events in SA using real-world
data present inherent challenges due to the vast information
and complexity in sources like EHRs and administrative da-
tabases. Researchers must clearly define the data require-
ments and efficiently extract and organise the data for
SA. Additionally, real-world data may contain missing or
incomplete information, posing challenges in accurately
identifying sequences of medical events. Common ap-
proaches to handling missing data include either excluding
incomplete sequences or treating the missing state as
another state in the alphabet [13]. While most reviewed
studies where no care events were recorded, they did not
provide explicit information on how they are addressing
missing data issues.

The distinctive feature of this systematic review lies in
its focus on the methodological issues related to SA and
evaluation of various SA methods for exploring real-
world CPs. However, a limitation arises from the challenge
of adapting appraisal tools designed for longitudinal obser-
vational studies to the context of SA. To mitigate this lim-
itation, we developed a customised tool for assessing real-
world observational studies incorporating pertinent aspects
of SA.

This systematic review shed light on the methodological
practical issues of SAwithin the context of clinical pathway
analysis. Key initial steps include defining medical events
or states within the sequences, such as diagnoses, treat-
ments, procedures, or healthcare interactions, pertinent to
the research question. Decisions on the time unit for
measuring events (day, weeks, months, or years) and the
observation period are crucial. The choice between
methods like LCS or OM for sequence comparison is cen-
tral. LCS, a non-aligning method, identifies the most com-
mon attributes in the same order across sequences. In
contrast, OM, including Hamming distance and localized
OM, calculates dissimilarity by assessing the cost to trans-
form one sequence into another, factoring in insertion, dele-
tion, and substitutions. Clustering techniques, such as
agglomerative hierarchical clustering and the partitioned-
around medoid algorithm, are employed to classify se-
quences based on dissimilarity measures. The quality of
clusters is evaluated using indices like Average Silhouette
Width (ASW) and Hubert’s C (HC) index, with further
consideration for cluster size, clinical relevance, and visual-
isation tools, and predefined rationale for choices.

This review offers insights for researchers embarking on
studies involving specific conditions or diseases. It provides
guidance on various dimensions of care to consider,
defining states in sequence, selecting appropriate time in-
tervals and observation period, and making informed
choices regarding statistical methodologies for SA. Given
the depth and implication of the current study, we will
consider the development of a dedicated review paper to
outline the main procedures, different choices of statistical
methods, and practical considerations as a future research
endeavor. Such a review paper has the potential to offer
essential guidelines and insights for subsequent sequence
analyses within the context of CPs. Care trajectories based
on SA can provide personalised treatment plans for pa-
tients, leading to more effective and patient-centered care.
This, in turn, facilitates efficient healthcare resource alloca-
tion, directing resources toward patients likely to require
intensive or long-term care. Policymakers can utilize this



8 S. Mathew et al. / Journal of Clinical Epidemiology 166 (2024) 111226
information to design and implement policies that enhance
disease prevention, early detection, and management.
5. Conclusion

This review underscores the imperative need for more
precise and transparent reporting concerning data manage-
ment and the key methodological decisions underpinning
the SA process. The development of guidelines for the clear
reporting of technical details related to the analytical pro-
cess and the creation of a critical appraisal tool tailored
to assess the quality of studies using SA would greatly
benefit the research community.
Supplementary data
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