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Abstract 

 

 

The concept of care pathways is increasingly being used to enhance the quality of care and to optimize 

the use of resources for health care. We here propose an innovative method in epidemiology that is 

derived from social sciences: state sequence analysis (SSA). This method takes into account the 

chronology of care consumption and allows for identification of specific patterns. A process for using 

SSA in the health area is proposed and discussed. The main steps are: data coding, measurement of 

dissimilarities between sequences (focusing on optimal matching methods and the choice of related 

costs), and application of a clustering method to obtain a typology of sequence patterns. As an example of 

its use in the health area, SSA was employed to analyse care pathways of a random sample of patients 

with multiple sclerosis. This sample has been selected from the main French healthcare database covering 

the period 2007 to 2013 (n=1 000). A five-cluster typology was obtained which allowed distinction of 

care consumption groups. Overall, about half of the patients had low care consumption, about one quarter 

had medium to high consumption, and another quarter had high consumption. We conclude that state 

sequence analysis is an innovative and flexible methodology that is worth considering in health care 

research. 

 

Keywords: State sequence analysis; Epidemiology; Care pathways; Multiple sclerosis; Administrative 

data 
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1 Introduction 

 

 

Longer life expectancies and medical advances have led to a steady increase in the number of individuals 

living with a chronic disease 1. To take into account the necessary coordination of the multidisciplinary 

care required for such patients, the concept of a “care pathway” has been defined 2. This concept is also 

known as an “integrated care pathway” or a “clinical pathway” and was first used in 1985 3. Its aim is to 

“enhance the quality of care across the continuum by improving risk-adjusted patient outcomes, 

promoting patient safety, increasing patient satisfaction, and optimizing the use of resources”, according 

to the definition of the European Pathway Association 2,4. In France, the commonly accepted definition is 

the organization of overall and continuous care for patients closest of their place of residence, with 

particular attention being paid to the patient themselves and their own choices 5,6. Thus, this concept 

reflects the need for the coordination of health care providers (HCP) (both medical and paramedical), 

especially between hospital and ambulatory care.  

 

In France, being designated with long disease duration (LDD) status allows individuals with chronic 

diseases to receive full healthcare coverage. In total, thirty diseases are currently included in the list of 

LDD, multiple sclerosis (MS) being one of them. The estimated prevalence of MS in France was 

151.2/100 000 individuals on December 31, 2012; i.e. a total of about 100 000 individuals nationally 7, 

with a female to male ratio ranging from 2:1 to 2.5:1 8. MS usually starts between 20 and 40 years of age, 

and most patients typically live with the disease for several decades. The life expectancy of individuals 

with MS is known to be reduced by 6-7 years compared to the general French population matched for age 

and gender 9 while the level of disability increases with time. MS symptoms are variable and 

unpredictable, and each individual’s symptoms can change or fluctuate over time. The most common 

symptoms of this neurological disease are fatigue, difficulty with walking, as well as vision and bladder 

problems. MS-specific therapeutic options have undergone extensive development since the 2000s, as has 

the understanding of the importance of comprehensive MS care. The neurologist/general practitioner (GP) 

dyad is core component of MS care. Indeed, only neurologists are allowed to prescribe MS-specific 

disease-modifying therapies (DMTs) whereas GPs are most often involved in the day-to-day care. The 

aim for each patient in this context is “to get the right care provided by the right medical practitioners, at 

the right time, and at the right place”. From a public health point of view, the item “at the right price” can 

be added. Due to the high cost of DMTs (ranging from €700 to €2 000 per month) and the high need for 
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care, the financial cost of MS has increased over time on a per patient basis. This increase has resulted in 

a cost to society of 1.3 billion Euros in France in 2013 10,11. In light of the number of individuals in France 

with MS, the costs of the disease, and the patients’ need for complex and multidisciplinary care, the 

French National Authority for Health is currently working on a recommended care pathway in MS to 

guarantee appropriate and safe care for all patients. Although an exact overview of care consumption 

would greatly assist formulating such recommendations, this is currently lacking. Up to now, French 

studies of care consumption in MS have mainly focused on costs 11,12 and not on the type, amount, and 

chronology of the care, i.e. the key elements that constitute the care pathway.  

 

The care pathway is unique for each patient due to the choices made by both the HCP and the patient 

themselves. To date, studies focusing on individual pathways have mainly remained descriptive, without 

taking into account the possible evolution of care consumption over time 13,14. At the population level, 

descriptive data can be summarized and individuals can be categorized according to their level or the 

amount of care consumption. Such results will be helpful to formulate care recommendations, as well as 

to anticipate and foresee resources that will be needed in the future. In order to generate such categories, 

an appropriate methodology taking into account the temporal dimension of care pathways should be used. 

To our knowledge, the methods used up to now have been derived from informatics, and they have been 

used to study in-hospital pathways by mining multi-dimensional itemset sequential patterns and symbolic 

data analysis 15,16. However, these methods are not commonly used in statistics and epidemiology. 

Moreover, a requirement for specific knowledge or skills in programming may limit their use in the study 

of care pathways, including ambulatory care.  

 

In this paper we propose an innovative and easy-to-apply method in epidemiology that is derived from 

social sciences: the state sequence analysis (SSA). This method is commonly used to identify patterns in 

work trajectories and to study transitions from education to work 17,18 or career patterns 19,20. It will allow 

the chronology of care consumption to be assessed as well as the identification of specific patterns. To 

our knowledge, this methodology has been used only once in the field of health care, specifically in an 

attempt to identify disparities in prenatal care pathways 21. However this study did not provide a clear 

description of the analytical process. Therefore, the objective of the present manuscript was to highlight 

the potential and the merits of SSA in the analysis of care pathways and to propose a reference process, 

from data coding to clustering, through a specific application in regard to multiple sclerosis. 
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2 Methods 

2.1 The study population 

 

The data were obtained from the French permanent sample of health insurance care holders (“Echantillon 

Généraliste des Bénéficiaires (EGB)” – Agreement n°143 from the French Institute on Health Data). It is 

a representative random sample of 1/97th of the French national health insurance system (“Système 

National d’Information Inter-Régimes de l’Assurance Maladie (SNIIRAM)”). EGB gathers data on out-

of-hospital reimbursed care consumption, i.e. consultations and home visits with private HCPs, drugs 

dispensed, LDD status, etc. For each patient, the exact day of execution and type of care are recorded 

since the date of their inclusion in the database. This sample is updated periodically, i.e. new individuals 

are included every three months. As the care consumption by these new members is only recorded after 

their inclusion in the EGB, there is no retrospective data for them. Moreover, a specific characteristic of 

this database is the fact that patients are not removed from the sample even if they do not receive any 

care. There are hence no missing values regarding care consumption by patients during follow-up, and 

only the death of a patient results in its removal from the database. This database was linked to the French 

hospital discharge database (“Programme de Médicalisation des Systèmes d’Information (PMSI)”), which 

compiles data on private and public in-hospital care consumption. The database contains the start and end 

dates of hospital admissions (including day hospital admissions) and their related International 

Classification of Diseases, 10th version (ICD-10) diagnoses. Outpatient consultations are also included in 

PMSI. However, the medical speciality is not systematically specified, leading to the exclusion of these 

consultations from the analysis (as we were only interested in specific specialties, as explained in the next 

section). Only a small amount of information regarding the patient themselves is available in these two 

databases, i.e. the year in which they were born; the month and the year of their death; as well as their 

LDD status and the corresponding year that it started, if applicable. 

 

A four-criteria algorithm has been developed by the French health insurance system for salaried workers 

(Caisse Nationale de l’Assurance Maladie des Travailleurs Salariés) to identify MS cases 7. Patients are 

considered to have MS if they meet at least one of the following criteria: having MS LDD status, being 

prescribed at least one DMT specific for MS (e.g. beta-interferon, glatiramer acetate, fingolimod, or 

natalizumab), having at least one hospital admission with an ICD-10 diagnosis code G35 22, or having 

received at least one disability pension payment for MS. We used these criteria to identify patients with 
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MS in the EGB database from January 1, 2007 to December 31, 2012. Data regarding these patients were 

then extracted from 2007 to the end of 2013. In total, one thousand MS patients were identified, of whom 

648 were prevalent cases in 2007 (and a further 42 to 94 cases identified annually from 2008 to 2012). 

 

2.2 Data collection 

 

 

The following elements were included in the care pathways: consultations with GPs (including home 

visits), consultations with private neurologists and physical medicine and rehabilitation (PMR) physicians 

(these are considered to be the two main medical specialities involved in MS care in France, in addition to 

GPs). MS-related hospital admissions (main or related diagnosis of G35, except in-hospital DMT 

injection) were also considered. Based on the drugs dispensed by pharmacists, the duration of each DMT 

was determined as the product of the number of packages and the corresponding posology. DMT 

treatments were included in the analysis if administered for at least three consecutive months, allowing 

for one month with no medical treatment. As DMTs can only be prescribed by a neurologist, patients 

receiving DMT without a consultation with a private neurologist were assigned one annual outpatient 

consultation as long as the treatment was ongoing.  

 

2.3 The SSA method 

 

 

Using SSA terminology, a care pathway corresponds to a sequence during which successive “states”, i.e. 

the value taken by the variable at a time t 23, are encountered. The term “sequence” will hence be used to 

refer to the entire care pathway. In our case study, states are defined as levels of care consumption during 

each period of time. Thus a sequence may start with a period of high care contact due to disease activity 

for instance, followed by a period of lower consumption with HCPs related to a period of stable disease. 

The general principle of SSA is to compare sequences (i.e. individual pathways of patients) with respect 

to the succession of their component states. In general, SSA can be broken down into three main steps: 

the coding of data, the measure of similarity (or dissimilarity) between sequences, and the clustering of 
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sequences. In this work, we focused on dissimilarity-based methods, especially the one that uses optimal 

matching (OM) algorithms as introduced by Abbott in social sciences 24. 

 

2.3.1 The 1st step of SSA: Identification of states and sequences 

 

 

The first step of SSA needs to address preliminary questions. First, the study period and the time unit (i.e. 

day, month, trimester, year, etc.) have to be set. These two items will define the onset and the end of the 

sequences and the maximum number of states constituting a sequence. Dlouhy et al. recommended using 

sequences with at least 25 states. They also showed that the number of sequences only has a small effect 

on the final typology 25. It is known that missing values can occur at the beginning of some sequences, 

due to data availability and the data source. Depending on the research question, it can be worth deleting 

these initial missing states so that the sequences become left-aligned. If the user does not choose to left-

align the sequences, some sequences will have a specific state at their beginning coding for the missing 

value. In this case, the user may opt to split the analysis according to the length of sequences (e.g. short 

vs. long, or sequences starting in the same year) or simply keep all the sequences in a single analysis. 

However, the risk of not splitting the sequences into several groups with a homogeneous onset could lead 

to the creation of a cluster devoted to patients with initial missing states, since their sequences will be 

more similar. This last scenario may not be meaningful if the main characteristic of this cluster is linked 

to a delayed start and is not linked to specific patterns of care. 

In the present application to MS, inclusion criteria offered the opportunity to identify prevalent cases. 

Patients were thus not at the same stage of the disease at the start of the study, and there was not a clear 

indication of the time of the clinical onset of MS. As the disease duration was unknown, the calendar year 

was considered as the time unit for the analysis. The individual 7-year care pathway was hence obtained 

by placing the seven annual values of the variable characterizing individual care consumption end-to-end, 

i.e. one value by year. Sequences could not be left-aligned for individuals entering the study after 2007. 

To avoid the creation of a cluster devoted to patients with a delayed entry in the cohort and to facilitate 

understanding of the SSA, we chose to focus the present analysis on patients entering the cohort in 2007 

(n=648). The other patients entering the cohort in 2008 or later were analysed separately (n=352) (data 

not shown).  
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The next step is to identify a discrete list of values that each state will have to fall into. This is referred as 

the alphabet in SSA terminology. Choosing the length of the alphabet is important, as it should remain 

relatively limited. Indeed, the more states there are, the more complicated the final interpretation is likely 

to be 20. In our example, a variable characterizing individual annual care consumption was created. It 

corresponded to the sum of the annual number of consultations with HCPs (i.e. GPs, private neurologists 

and PMR, and outpatient consultations with neurologists) and MS-related hospital admissions. These 

annual values of care consumption followed a Poisson distribution with a wide range. We chose to 

categorize these into five states, using annual quartiles ([0-Q1], [Q1-Q2], [Q2-Q3] and > Q3) plus an 

extra group with no consumption at all (0). In general (not in our case study due to the characteristics of 

the database), missing values inside sequences can be considered using an additional state, coded as non-

attributed (NA). However, it is recommended to exclude sequences when more than 30% of the states are 

missing 25. 

A sequence ends when the follow-up ends, which induces sequences of different lengths and right-

truncated sequences. Depending on the setting, it may be worth considering death as a state of the 

alphabet. In this case, creating an additional devoted state (“Death”) could be an option. However, the use 

of such a state may favour a high level of similarity between sequences ending with this specific state. In 

our study, we opted not to create a specific state to code for death, and we decided to stop the sequence of 

a patient the year after their death. This created right-truncated care pathways and avoided the creation of 

a specific cluster for patients who had died. Indeed, transitions from any state of care to death were rare in 

the database. The corresponding substitution costs (described thereafter) would have been higher than the 

others, and thus explained the gathering of the sequences ending with death in a specific cluster. 

 

2.3.2 The 2nd step of SSA: Measuring dissimilarity between sequences 

 

 

Once sequences are created, the main component of SSA is the two-by-two comparison of sequences, 

which requires choosing a dissimilarity measure. Several measures of dissimilarity can be used in SSA. 

Some were derived from bioinformatics, such as OM, the Levenshtein II distance, and the Hamming 
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distance. Others were developed in social sciences, such as the longest common subsequence, and the 

number of matching subsequences 26,27. In this paper we describe OM, which is the most commonly used 

method for measuring dissimilarity 28,29, since it can be adjusted for different research issues. The 

principle of OM is to assign a value to the number of operations necessary to render two sequences 

strictly similar. As an example, one can consider two sequences made of three consecutive states and that 

only the last state differs between them. A simple substitution of this state in one sequence will suffice to 

make the two similar. More operations would be necessary when there is more of a difference between 

the sequences. OM uses three elementary operations; which are insertion, deletion, and substitution. 

Insertion corresponds to the addition of a state in a sequence, whereas deletion is the opposite, i.e. the 

removal of a state. These two operations are joined into a single concept called an “indel”, since both 

operations are warping time. Substitution consists of replacing a state with another one at a time t. To 

quantify the dissimilarity between two sequences, each of those three operations is assigned a specific 

cost, which can be constant or which can vary according to the states. The setting of each cost constitutes 

a crucial step of SSA 30. Indeed, costs are a major parameter in optimal matching and hence affect 

clustering results 31. The dissimilarity between two sequences is then defined as the minimal cost to 

transform one sequence into the other. This measure therefore depends on the number and the type of 

elementary operations to transform one sequence into the other and on their costs 29. To test all of the 

combinations and to compute the dissimilarity, the Needleman-Wunsch algorithm 32 is used in the main 

statistical software. 

 

Substitution costs can be chosen either theoretically or empirically. Although in both cases they must 

respect triangle inequality to ensure that the OM distance and subsequent clustering methods can be 

computed 29. The matrix of substitution costs, which is usually symmetrical, contains a value for each 

substitution of a state by another one and zeroes on the diagonal. Indeed, substituting a state by itself does 

not change the sequence. If no theoretical costs are available, substitution costs can be estimated 

empirically using the transition rates observed in the dataset 20,33. In this case, the cost ci->j/j->i for a 

substitution of the state si by the state sj, and inversely, equals:  

ci->j/j->i = 2-p(si|sj)- p(sj|si)  

where p(si|sj) and p(sj|si) are the probability of observing the transition sj towards si and sj towards si in the 

dataset, respectively 33. In regard to the cost of substituting a missing state with another state, it is usually 

set at 2 when using transition-based costs. The indel cost is set by the user, and most of the time it is fixed 

to a specific value, although it can also be state-dependant 29, i.e. one value of indel cost for each state of 
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the alphabet. Attention should be paid to the choice of the indel cost, since indels favour the order of 

events whereas substitutions preserve contemporaneity 31, as presented in Figure 1. Moreover, indels 

warp time, while substitutions distort the succession of states in the sequence 31. Using only indels by 

setting a very low cost for this operation – this measure is then called the Hamming distance – makes two 

sequences similar according to their identical states. In contrast, using only substitutions by setting an 

indel cost greater than the maximum substitution cost – this measure is called the Levenshtein II distance 

– makes two sequences similar according to their longest common subsequence 31. (For a full explanation 

of the process whereby the distance matrix is calculated, see Pollock 34).  

As no theoretical knowledge regarding costs was available for our example, substitution costs were 

estimated empirically using the observed transition rates. Moreover, we aimed to compare care pathways 

in terms of the long-term care consumption and we did not want to focus on outstanding events but rather 

on the whole sequence.  

Figure 1 here 

 

2.3.3 The 3rd step of SSA: Clustering sequences 

 

 

The dissimilarity matrix is used to cluster sequences and to create a typology of patterns according to care 

consumption. Two main methods can be used for this: agglomerative hierarchical clustering and k-

medoids algorithms (similar to k-means). Depending on the predefined costs, the measure used to 

compare sequences can either be a dissimilarity or a distance (to view axioms of these measures, see 

Elzinga 35). It  can therefore influence the choice of the criterion to perform agglomerative hierarchical 

clustering. Ward’s criterion is the most used in social sciences 25 with dissimilarity measures 36,37, and it 

produces the best results in clustering 25. Unweighted pair-group using arithmetic averages (UPGMA) and 

weighted pair-group using arithmetic averages (WPGMA) methods can also be considered for 

agglomerative clustering 25. In regard to the k-medoids algorithm, the one that we favour is the 

partitioning around medoids (PAM) algorithm 38. In order to identify the best clustering, two methods can 

be applied successively, such as an agglomerative hierarchical algorithm followed by k-medoids 38. 

The optimal number of clusters can be chosen either theoretically or empirically. When the Ward’s 

criterion is used, the fall in inertia can permit to set the number of clusters, otherwise quality criteria can 
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be used. We propose to use a combination of the two main criteria 38: the weighted average silhouette 

width (ASWw) 38,39 and the Hubert’s C index40. The ASWw measures the overall consistency of the 

clusters. It fluctuates between -1 and 1, a value close to 1 indicating high inter-cluster distances and 

strong intra-cluster homogeneity. The Hubert’s C index, which varies between 0 and 1, reflects the 

difference between the obtained clustering and the best theoretically possible clustering. Hence a value 

close to 0 reflects a good clustering. Maximisation of the ASWw and minimisation of Hubert’s C index 

allow for the optimal number of clusters to be set. The choice of these two parameters is in line with a 

recent social sciences paper, in which three criteria were selected for the partition 41, namely the ASWw, 

Hubert’s C index, and the point biserial correlation (PBC). We chose to forego the PBC as it usually led 

to the same choice of the number of clusters as the two other criteria. 

Here, we used agglomerative hierarchical clustering analysis with Ward’s criterion on the dissimilarity 

matrix to create homogeneous groups. The optimal number of clusters was set using quality parameters. 

Once the clusters were obtained, each group was described according to individual characteristics and 

care consumption. 

 

2.3.4 Representing sequences 

 

 

One major advantage of SSA is the wide option of graphical displaysavailable to describe and 

communicate results of clustering. The most frequently used graphs are the index plot and the 

chronogram (also referred to as the state distribution plot) (Figure 2). The index plot is the superposition 

of each sequence of the set which allows the entire individual longitudinal succession of states of each 

patient to be seen at once 33. Hence, the x-axis represents the time (either calendar-based or the duration, 

depending on the previous choice) and the y-axis represents the id of the sequence, which is usually not 

represented. By contrast, the individual information level is lost when using the chronogram, synthesizing 

the information. It displays the general pattern of the whole set of sequences 33, for each time unit, on the 

x-axis, while the cumulative proportion of patients in the different states is presented on the y-axis. Other 

types of graphs can be used to represent sequences and results of SSA, such as the mean duration in each 

state, the sequence composed of the modal state (i.e. the most common state at each time unit), or the 

most frequent sequences (Supplementary Figure 1).  

11 
 



Figure 2 here 

All computational and statistical analyses were performed with R v3.2.3 software 42. The sequence 

analysis and the clustering used the TraMineR library v1.8-11, the WeightedCluster library v1.2, and the 

cluster library v2.0.3 33,38,43. 

 

3 Results 

3.1 Population characteristics 

 

 

Based on our selection criteria, one thousand MS patients were identified during the whole study period, 

of whom 648 were identified in 2007.Their characteristics are summarized in Table 1. The majority of 

these patients were women (71.1%) and the median year of birth was 1963 (ranging from 1914 to1997); 

that is to say, the patients had a median age of about 44 years at the start of the study.  

The 648 patients identified in 2007 were older than the 352 identified in 2008 or later (p < 0.001), as they 

had a median age of 46 years in 2007. Of these patients, 511 (78.9%) had LDD status for MS at the 

beginning of the follow-up, with a median LDD duration of 6.9 years (ranging from 0.0 to 29.2 years). In 

total, 55 deaths (8.5%) occurred over the follow-up period, at a median of 63.5 years of age. Over the 7-

year study period, 639 patients (98.6%) consulted at least once with a GP and 362 patients (55.9%) 

consulted at least once with a private neurologist. The number of GP consultations per person-year was 

8.0 (7.1for men and 8.3 for women) while the number of consultations with a neurologists was 1.1 (1.0 

for men and 1.1 for women).  

Table 1 here 

 

3.2 Complete care pathway clustering 

 

 

To compute the dissimilarity matrix between care pathways, the costs of substitution were based on 

observed transitions in the dataset of the one thousand patients. Using the complete dataset permitted to 
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take into account all available information regarding care consumption (Table 2). Indel costs were set at 

0.9 to approach the Levenshtein II distance, and thereby compare pathways according to the longest 

common subsequence. The partitioning of the 648 care pathways led to a typology of five clusters (Figure 

3); for the best-quality partitions, the ASWw and HC were equal to 0.238 and 0.102, respectively. This 

partition can be considered of weak quality. 

Among the five clusters, clusters 4 and 5 were predominant, with 180 (27.8%) and 188 (29.0%) patients, 

respectively (Table 3). Based on the mean duration in each state, these two clusters corresponded to 

patients with overall high care consumption. Cluster 3 comprised 128 patients (19.8%) with medium 

consumption. By contrast, patients in cluster 2 (n=124 (19.1%)) had low care consumption, and the 28 

patients (4.3%) in cluster 1 had no consumption during nearly half of the follow-up period.  

Table 2 here 

Figure 3 here  

Table 3 here 

 

3.3 Characteristics of the final clustering 

 

 

The patient characteristics and the care consumption according to the clusters obtained are summarized in 

Table 4. 

As expected, care consumption differed from one cluster to another, and it increased as the cluster 

number went up. The number of consultations with a GP and a neurologist increased from 2.9 to 14.5 

over the study period and from 0.2 to 1.3 per patient-year (Table 4). In cluster 1, the follow-up duration 

was the shortest (p < 0.001), which was probably related to the higher number of deaths. Moreover, the 

number of patients who used at least one DMT was lower in this cluster than in the other clusters 

(p=0.001). Patients in cluster 2 were significantly younger than those in the other clusters (p < 0.001). 

They were the most frequently treated for MS, with a median treatment duration that lasted about three-

quarters of the follow-up period. Furthermore, this cluster comprised a nearly equal proportion of men 

and women, as opposed to the other clusters which comprised more women. Cluster 3 included a large 

portion of patients who were prescribed a DMT for most of the duration of the follow-up. Cluster 4 was 

the oldest one. In cluster 5 – which had the highest consumption – the patients were older, with 
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significantly more comorbidities than those in other clusters (p < 0.001). These patients, who went to the 

hospital more often than the others, mostly received treatment for MS, although they were treated for a 

shorter period than those in clusters 2 to 4. 

 

Table 4 here 

 

4 Discussion 

 

 

The aim of the present study was to provide a reference process and recommendations regarding the use 

of state sequence analysis to analyse longitudinal care pathways. This process was illustrated by a case-

study of the care provided to MS patients in France. Application of the proposed methodology revealed 

five patterns of consumption for the pathways starting in 2007.A similar clustering was obtained for 

pathways corresponding to patients with a delayed entry in the cohort (data not shown). All of the clusters 

were mostly driven by a particular dominating state.  

As expected, patients with MS overall appear to be more likely than the general population to consult 

with a HCP. Indeed, when only considering GPs and neurologists, we observed 8.8 consultations per 

person-year in our sample. On the opposite, the Organisation for Economic Co-operation and 

Development reported an average of 6.7 consultations per person-year from 2007 to 2013 in the general 

population when considering all specialities 44. Compared to the general population in France, with 4.0 

GP consultations per patient-year over the study period, patients with MS had 7.7 consultations per 

person-year 45. In accordance with the Canadian studies 46,47, this underscores the importance of GPs in 

MS care. Overall, about half of the patients had “low” care consumption (clusters 1 to 3), about one 

quarter had “medium” consumption (cluster 4), and another quarter (cluster 5) had “high” consumption. 

Based on the detailed results obtained from the clustering, it appears that the cluster with the highest 

number of patients (i.e. cluster 5, with 29.0 % of the patients) had the highest level of care consumption. 

This was probably related to the MS itself (i.e. a high number of consultations with a neurologist and a 

high frequency of DMT use) as well as comorbid conditions (e.g. LDD other than MS). Clusters 2, 3, and 

4 appear to reflect care associated with MS, and can be considered to be low to medium levels of care. 

Cluster 1 was the smallest one with only 4.3% of the patients, and it comprised older patients with a 
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higher proportion of deaths. 

 

In our opinion, SSA is an innovative method that warrants consideration in the field of care pathways in 

light of several favourable features. Firstly, this method allows for a holistic approach to pathways, and it 

therefore considers them as a meaningful conceptual unit 48. Indeed such an approach permits the 

coordinated succession of HCPs to be taken into account, which is a characteristic of care pathways. It is 

opposed to conventional approaches in epidemiology that consider each state independently from one 

another. The comparison of SSA with other methods, which can be appropriate for the study of a care 

pathway, such as latent class analysis (LCA), revealed that both methodologies yield similar clustering 

results 41,49,50. These studies have highlighted that SSA is easier to use and to compute than LCA and that, 

unlike LCA, it does not require specification of a model. Another major limitation of LCA is the 

hypothesis of local independence 41, which cannot be assumed in care pathways since the order in the 

succession of care consumption is primordial. To overcome this limitation, Mikolai and Lyons-Amos 

proposed the use of latent class growth models (LCGM) that takes into account the ordering of events, 

and they reached a conclusion regarding the specifications for the use of each model 50. However, further 

work is needed to better evaluate the merits of SSA compared to the latent class model in the field of care 

pathways.  

Secondly, we demonstrated that SSA is a flexible methodology. It can be adapted to different 

epidemiological contexts in light of the possibility of allowing specification of the measure between 

sequences amongst others. To transfer this method from social sciences to areas of health care, we used 

choices based on empirical experiments, namely the effect of costs and death coding. Thus, the choice of 

splitting and then analysing sequences according to their length avoids the creation of a cluster for 

patients with delayed entry into the cohort. Similarly, with the choice of terminating the sequence after 

the death of a patient, we can account for the death of patients without having to create a specific group, 

which may have occurred with a devoted state.  

The data were based on a representative random sample of the French population, which reduces 

selection bias and which ensures external validity of the results. Moreover, the characteristics (e.g. 

gender, age, and LDD status) of our study population are close to those of MS patients in France in 

general 7,11. The identification of MS patients was based on several criteria, which allows for the detection 

of low care consumers who may only be identified according to one criterion. In addition, by using 

administrative databases, we accessed all reimbursed care consumption by patients, independently of self-
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reporting. This minimised memory bias and also represented a measure of care consumption as close as 

possible to the true consumption of the study population. 

 

However, some limitations are due to the database itself. Indeed, EGB does not allow for clear 

identification of outpatient consultations with hospital-based neurologists, even though we know that MS 

expert centres are mainly located at French university hospitals. Furthermore, 31% of the hospital 

consultations in France are with a specialist 51, and only 21.3% of French neurologists were in private 

practice in 2013 52. Therefore, such hospital-based consultations with neurologists were imputed, 

although the true level of consumption is certainly greater than the assigned level. Indeed, we probably 

missed the close follow-up at DMT initiation, the monitoring of potential adverse events of DMT, and the 

follow-up consultations for untreated patients. 

Unfortunately, only a few individual characteristics were available to describe the patterns, as the 

administrative databases do not contain clinical data. A discrepancy analysis (a generalization of the 

principles of analysis of variance to study the relationship between state sequences and covariates) was 

performed 37. The results were not shown because the pseudo-R² was too small (< 0.05) regarding the 

available variables. In addition, the quality of the two typologies we obtained can be considered to be 

quite weak, which does not allow for assessment of a strong structure in the data. However, this limitation 

is probably due to the fact that the patients were not at the same stage of the disease during the 2007-2013 

period. Moreover care consumption may depend on several factors such as MS relapses or DMT use, for 

example. To build the states of sequences, we chose to sum the different consultations with health 

professionals based on equal weights. Even if this operation allowed for an easy to understand variable, 

specific work has to be undertaken to define weights for each type of consultation. Our work was based 

on calendar years, and we had no information in regard to the onset of the MS for these patients. This 

does not allow for left-aligned sequences, and clusters are hence driven by a particular state. These 

specific characteristics of the EGB database (particularly the lack of clinical data) led to some limitations 

in our study, although this does not detract from the relevance of SSA in achieving our objective. 

 

This work is only a preliminary draft. It will be extended to the entire French population of patients with 

MS through use of the French national health insurance information system, i.e. the entire source 

population from which the EGB is extracted (these analyses are ongoing). It will make for a more 

accurate examination of the care pathways in a larger population of about 110 000 patients. It will mainly 

analyse outpatient consultations as well as biological tests, medical imaging examinations, and 
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paramedical and other specialist care. A new method developed in sequence analysis, called multichannel 

sequence analysis 34,53, will be used. This method is an extension of the conventional SSA presented in 

this article, and it allows several thematic sequences for one patient to be considered and for them to be 

studied simultaneously. Moreover, we are also currently developing algorithms to estimate relevant 

clinical parameters that affect care consumption, such as motor disability or adherence to treatments, by 

using parameters described by Hess et al. 54. Indeed, motor disability is a well-known factor involved in 

the increase in health care use and costs 55,56 while, by contrast, reliance on DMTs reduces care 

consumption, such as hospitalizations 57,58. Comorbidities will also be explored more closely, through the 

recommendations made by Marrie et al. 59,60. These parameters may offer opportunities to better 

characterize the different clusters of the typologies obtained. To overcome the problem of quality of the 

partition, we will try to identify incident MS cases with an algorithm developed for Canadian 

administrative databases 61, and thereby study the impact of the onset of MS on care consumption.  

 

In conclusion, SSA is a promising way to study care pathways. For the next stage of this investigation, we 

intend to compare state sequence analysis with latent class models in the field of epidemiology so as to 

better determine its potential, strengths, and weaknesses in the area of health care. Further work based on 

SSA use is needed in the context of care pathways. 

 

Legends 

Fig.1 Patterns identified by optimal matching (adapted from Lesnard 31) 

Fig.2 Index plot (A) and chronogram (B) of the set of care pathways (n=1 000) 

Fig.3 Index plots of clusters obtained for the care pathways of patients identified in 2007 after clustering 

with indel costs fixed at 0.9 and transition-based substitution costs (n=648) 

Supplementary Fig.1 Graphs representing the  mean duration in each state (A), the sequence composed 

of the modal state (i.e. the most common state at each time unit) (B), or the most frequent sequences (C) 

of the set of care pathways (n=1 000) 
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Table 1 Population characteristics according to the year of identification (n=1 000) 

 Identified in 2007 Identified in 2008 or 
later Total p-value a 

 n=648 n=352 n=1,000  
No. of women (%)  473 (73.0%) 238 (67.6%) 711 (71.1%) 0.086 
Birth year b 1961 (1914-1991) 1966 (1924-1997) 1963 (1914-1997) <0.001 
No. of LDD for MS c 589 (90.9%) 249 (70.7%) 838 (83.8%) <0.001 

Time since MS-LDD  
beginning  b,c,d (years)  

12.7 (0.0-34.6) 
 

6.5 (0.2-33.8) 
 

11.6 (0.0-34.6) 
 

<0.001 
 

At least one other LDD c,e (%)  186 (28.7%) 92 (26.1%) 278 (27.8%) 0.429 
Follow-up b (years)  6.9 (0.0-7.0) 3.5 (0.0-6.0) 6.8 (0.0-7.0) <0.001 
No. of deaths (%)  55 (8.5%) 16 (4.5%) 71 (7.1%) 0.029 
No. of deaths per person-year 
(/1,000) 12.9 12.9 12.9  

At least one DMT prescription f (%)  368 (56.8%) 171 (48.6%) 539 (53.9%) 0.015 

Proportion of follow-up under 
treatment b,g (%) 

61.6 (3.3-100.0) 
 

66.0 (7.6-100.0) 
 

63.0 (3.3-100.0) 
 

0.218 
 

Care consumption     
Consultations with a GP b,h 43.0 (0.0-350.0) 17.0 (0.0-266.0) 32.0 (0.0-350.0) <0.001 
Consultations with a GP per person-
year 8.0 6.5 7.7  

Consultations with a neurologist b,i 6.0 (0.0-48.0) 2.0 (0.0-19.0) 4.0 (0.0-48.0) <0.001 
Consultations with a neurologist per 
person-year 1.1 1.0 1.1  

At least one MS-related  
hospital admission j (%)  

307 (47.3%) 
 

166 (47.2%) 
 

473 (47.3%) 
 

1.000 
 

MS-related hospital admissions per 
person-year 0.24 0.31 0.26  

a P < 0.05 comparing patients identified in 2007 and patients identified in 2008 or later using the Kruskal-
Wallis, Pearson’s chi-square, or Fisher’s exact test if needed.  
b Median (minimum-maximum).  
c LDD: long disease duration.  
d Calculated at the date of the most recent information (i.e. Dec. 31, 2013 or the date of the patient's 
death).  
e LDD other than MS.  
f DMT: disease-modifying therapy.  
g For patients with at least one DMT use.  
h GPs: general practitioners, Number of consultations and home visits, total per patient from 2007 to 
2013.  
i Number of consultations, home visits, and imputed outpatient consultations, total per patient from 2007 
to 2013.  
j MS-related hospital admissions, total per patient from 2007 to 2013 (except monthly DMT injections). 
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Table 2 Matrix of observed transition rates in the dataset (n=1 000) 
 
 ->0 -> ]0;Q1] -> ]Q1;Q2] -> ]Q2;Q3] -> >Q3 
0 -> 0.490 0.232 0.105 0.108 0.064 
]0;Q1] -> 0.069 0.453 0.313 0.111 0.054 
]Q1;Q2] -> 0.015 0.245 0.402 0.258 0.080 
]Q2;Q3] -> 0.009 0.104 0.304 0.345 0.238 
>Q3 -> 0.007 0.020 0.091 0.223 0.658 
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Table 3 The mean duration in years (part of total duration) in each state among the clustering of patients 
identified in 2007 (n=648) 
Cluster 
state 

n (%) 0 [0–Q1] [Q1–Q2] [Q2–Q3] > Q3 

1.1  28 (4.3%) 3.46 (49.4%) 1.18 (16.9%) 0.14 (2.0%) 0.64 (9.1%) 0.93 (13.3%) 
1.2  124 (19.1%) 0.31 (4.4%) 4.06 (58.0%) 1.86 (26.6%) 0.55 (7.9%) 0.19 (2.7%) 
1.3  128 (19.8%) 0.09 (1.3%) 1.39 (19.9%) 4.07 (58.1%) 1.20 (17.1%) 0.16 (2.3%) 
1.4  180 (27.8%) 0.13 (1.9%) 0.57 (8.1%) 1.76 (25.1%) 2.95 (42.1%) 0.95 (13.6%) 
1.5  188 (29.0%) 0.10 (1.4%) 0.24 (3.4%) 0.45 (6.4%) 1.37 (19.6%) 4.71 (67.3%) 
The predominant state for each cluster is indicated in italics. 
The yearly consumption was classified into 5 groups by quartile of distribution: no consumption (0), less 
than the first quartile ([0–𝑄𝑄1]), between the first quartile and the median included ([𝑄𝑄1–𝑄𝑄2]), between 
the median and the third quartile included ([𝑄𝑄2–𝑄𝑄3]), and greater than the third quartile (> 𝑄𝑄3). 
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Table 4 Characteristics of patients identified in 2007 by clusters (n=648) 
   Cluster    
Characteristics 1.1 1.2 1.3 1.4 1.5 p-value a 

 n=28 n=124 n=128 n=180 n=188  
No. of women (%)  23 (82.1%) 72 (58.1%) 92 (71.9%) 142 (78.9%) 144 (76.6%) <0.001 

Birth year b 1958.5 (1930-
1989) 

1965.5 (1929-
1991) 

1960 (1923-
1988) 

1957.5 (1914-
1986) 

1959 (1916-
1987) <0.001 

No. of LDD for MS c 24 (85.7%) 110 (88.7%) 120 (93.8%) 167 (92.8%) 168 (89.4%) 0.373 
Time since MS-LDD 
beginning b,c,d (years)  12.4 (1.0-26.2) 12.6 (1.0-28.6) 13.0 (3.0-34.6) 12.1 (0.6-34.0) 12.8 (0.0-34.3) 0.629 

At least one other LDD c,e (%)  9 (32.1%) 19 (15.3%) 32 (25.0%) 48 (26.7%) 78 (41.5%) <0.001 
Follow-up b (years)  6.5 (0.0-7.0) 6.9 (0.0-7.0) 6.9 (0.0-7.0) 7.0 (0.0-7.0) 7.0 (0.0-7.0) <0.001 
No. of deaths (%)  6 (21.4%) 4 (3.2%) 4 (3.1%) 26 (14.4%) 15 (8.0%) <0.001 
No. of deaths per person-year 
(/1,000) 37.4 4.7 4.6 23.4 11.8  

At least one DMT 
prescription f (%)  6 (21.4%) 78 (62.9%) 74 (57.8%) 95 (52.8%) 115 (61.2%) 0.001 

Proportion of the follow-up 
under treatment b,g (%) 14.3 (3.6-59.0) 75.5 (3.3-100.0) 76.5 (4.4-

100.0) 60.2 (3.3-100.0) 51.8 (4.4-
100.0) <0.001 

Care consumption       

Consultations with a GP b,h 19.0 (0.0-73.0) 18.5 (0.0-51.0) 32.0 (10.0-
54.0) 48.0 (0.0-96.0) 89.0 (31.0-

350.0) <0.001 

Consultations with a GP per 
person-year 4.1 2.9 4.7 7.5 14.5  

Consultations with a 
neurologist b,i 0.0 (0.0-8.0) 6.0 (0.0-23.0) 7.0 (0.0-35.0) 5.0 (0.0-38.0) 7.0 (0.0-48.0) <0.001 

Consultations with a 
neurologist per person-year 0.2 0.9 1.0 1.1 1.3  

At least one MS-related 
hospital admission j (%)  8 (28.6%) 61 (49.2%) 44 (34.3%) 84 (46.7%) 110 (58.5%) <0.001 

MS-related hospital admission 
per person-year 0.14 0.23 0.09 0.25 0.35  
a P < 0.05 comparing the 5 groups by the Kruskal-Wallis, Pearson’s chi-square test, or Fisher’s exact test.  
b Median (minimum-maximum).  
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c LDD: long disease duration.  
d Calculated at the date of the most recent information (i.e. Dec. 31, 2013 or date of the patient's death).  
e LDD other than MS.  
f DMT: disease-modifying therapy.  
g For patients with at least one DMT use.  
h GPs: general practitioners, Number of consultations and home visits, total per patient from 2007 to 2013.  
i Number of consultations, home visits, and imputed outpatient consultations, total per patient from 2007 to 2013. 
 j MS-related hospital admissions, total per patient from 2007 to 2013 (except monthly DMT injections). 
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Fig.1 Patterns identified by optimal matching (adapted from Lesnard 31) 
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Fig.2 Index plot (A) and chronogram (B) of the set of care pathways (n=1 000) 
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Fig.3 Index plots of clusters obtained for the care pathways of patients identified in 2007 after clustering 

with indel costs fixed at 0.9 and transition-based substitution costs (n=648) 

 

 

 

 

 

 

 

 

 

 

 

 

 

30 
 



 

 

 
Supplementary Fig.1 Graphs representing the  mean duration in each state (A), the sequence composed 

of the modal state (i.e. the most common state at each time unit) (B), or the most frequent sequences (C) 

of the set of care pathways (n=1 000) 
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