
This article appeared in a journal published by Elsevier. The attached
copy is furnished to the author for internal non-commercial research
and education use, including for instruction at the authors institution

and sharing with colleagues.

Other uses, including reproduction and distribution, or selling or
licensing copies, or posting to personal, institutional or third party

websites are prohibited.

In most cases authors are permitted to post their version of the
article (e.g. in Word or Tex form) to their personal website or
institutional repository. Authors requiring further information

regarding Elsevier’s archiving and manuscript policies are
encouraged to visit:

http://www.elsevier.com/authorsrights

http://www.elsevier.com/authorsrights


Author's personal copy

Classification of hospital pathways in the management of cancer: Application to
lung cancer in the region of burgundy

G. Nuemi a,d, F. Afonso b, A. Roussot a, L. Billard e, J. Cottenet a, E. Combier a, E. Diday c, C. Quantin a,d,*
a Service de Biostatistique et d’Information Médicale, Centre Hospitalier Universitaire, 21000 Dijon, Boulevard Jeanne d’Arc BP 77908, 21079 Dijon Cedex, France
b Syrokko, Paris, France
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1. Introduction

In developed countries, the management of severe, chronic
disease, such as cancer, is a major concern in public health given its
growing prevalence, and requires specific, optimal organisation of
the healthcare system. Public health policies aim to guarantee the
best care management for everyone, and are based on a set of
recommendations made by experts. This constitutes a sort of

(national) references guide, which in certain countries is called the
‘‘cancer plan’’ [1–4]. Evaluation of the implementation of these
policies is an essential step in the ‘‘virtuous circle’’ for improved
quality, as described by the ‘‘Deming wheel’’ [5,6]. This evaluation
is very often based on longitudinal studies, with national scope
whenever possible, the aim of which is to take stock of care
management. Such studies require data to be collected as close as
possible to the participants in the healthcare system, both patients
and healthcare professionals.

Today, most developed countries have upgraded their health-
care information technology systems (HITS) to systematically and
regularly record medico-administrative data on hospital care
management (HCM) [7,8]. The HCM is classified according to
medical and economic homogeneity, using a method inspired by
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A B S T R A C T

Context: The evaluation of national cancer plans is an important aspect of their implementation. For this

evaluation, the principal actors in the field (doctors, nurses, etc.) as well as decision-makers must have

access to information that is reliable, synthetic and easy to interpret, and which reflects the

implementation process in the field. We propose here a methodology to make this type of information

available in the context of reducing inequalities with regard to access to healthcare for patients with lung

cancer in the region of Burgundy. Methods: We used the national medico-administrative DRG-type

database, which gathers together all hospital stays. By using this database, it was possible to identify and

reconstruct the care management history of these patients. That is, by linking together all attended

hospitals, sorted chronologically. Eligible patients were at least 18 years old, whatever the gender and

had undergone surgery for their lung cancer. They had to be residents of Burgundy at the time of the first

operation between 2006 and 2008. Patient’s pathway was defined as the sequence of all attended

hospitals (hospital stays) during the year of follow up linked together using an anonymised patient

identifier. We then constructed a pathway typology of pathway using an unsupervised clustering

method, and conducted a spatial analysis of this typology. Results: Between 2006 and 2008, we selected

495 patients in the 4 administrative departments of the Burgundy region. They accounted for a total of

3821 stays during the year of follow-up. There were 393 men (79%) and the mean age was 64 (95%

confidence interval: 63–65) years. We reconstructed 94 pathways (about five per patient). Here,

neighbourhood’s cares accounted for 41% of them, while 44% included a surgical intervention outside the

region of Burgundy. We constructed a pathway typology with five classes. Spatial analysis showed that

the vast majority of initial surgeries took place in the major regional centres. Conclusion: The

construction of a pathway typology leads to better understanding of the reasoning that lies behind the

movements of patients. It opens the way for analysis of the collaboration between the different

healthcares establishments attended, which should bring to light associations that need to be developed.
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Diagnosis Related Groups (DRG) developed in the late seventies by
Professor Robert Fetter and his team (Yale University, United
States) [9,10]. In certain cases, these databases allow the linkage of
hospital stays for individual patients, and thus a longitudinal
analysis of their care management. With hospital stays sorted
chronologically, the linkage is done using an anonymised patient
identifier that guarantees anonymity [10–15]. The chain resulting
is called patient’s pathway or individual pathway. In France, these
databases are now accessible to researchers, which allow them to
undertake longitudinal epidemiological studies [10,11,16] notably
for cancer [17,18].

Of course, these longitudinal studies present the usual
difficulties related not only to the analysis of repeated measures
with missing data, but also to the need to take into account the
spatial–temporal dimension of care management as well as its
multidisciplinary aspect. In order to take this into account, it is
possible to construct ‘‘individual pathway’s profiles’’ or ‘‘pathway
typology’’ before any statistical modelling, and then to classify
each patient to one of these pathway’s profiles. The description of
care management experienced by a group of patients could thus be
summarised with a description of the corresponding items of the
pathway typology, thus facilitating the interpretation made by
policy decision-makers and by healthcare professionals.

The aim of this work was to propose a method to construct
these pathway’s profiles by using data-mining techniques [19,20].
From an example, lung cancer, we will show that it is possible to
construct a pathway typology using variables that are defined at
the patient level and are commonly available in medico-economic
databases. We also propose a spatial representation of these
pathway’s profiles, which will lead to clearer understanding of the
dynamics of patient’s movements.

2. Materials and methods

2.1. Materials and population

This is a retrospective multicentre study concerning the
reconstitution and classification of hospital care management
pathways. This study concerns patients with primary lung cancer
living in the region of Burgundy France, and with surgery as the
first treatment for their cancer between 2006 and 2008.

We worked on national medico-administrative data from the
‘‘Programme de médicalisation du système d’information (PMSI)’’.
These data correspond to anonymous hospitalisation abstracts,
which were collected, as required by law, in healthcare establish-
ments between 2004 and 2009 in a standardised form. They
describe hospital stays in classical medical units, in follow-up care
units or in structures for hospitalisation at home. In order to link
data, a unique anonymous number is attributed to every patient
and included in the hospitalisation abstracts. The process used to
generate these numbers guarantees the confidentiality of personal
information. The administrative part of the abstracts consists of the
patient’s individual characteristics (age, gender, place of resi-
dence), information relative to the hospital stays (duration, type of
hospitalisation), as well as the establishments attended (identifi-
cation number, category). The medical part essentially comprises
the diagnostic codes according to the International Classification of
Diseases 10th revision (ICD 10) of the World Health Organisation
(WHO) and medical acts coded according to a common,
standardised nomenclature.

In this study, lung cancer designates primary bronchial cancers.
Classically, this family of cancers is divided histologically into two
groups: non-small cell lung carcinoma (NSCLC), which accounts for
80–90% of cases and small-cell lung carcinoma (SCLC) [21,22].
Seven stages of development can be distinguished for NSCLC [23]
from the least advanced (stage IA) to the most advanced (stage IV).

Around 20% of patients are classified stage I/II, 20–30% stage IIIA or
IIIB, and the rest stage IV. For these tumours, surgery is the
principal management strategy, and is the best treatment for
stages I, II and IIIA. Chemotherapy comes in second place and can
be administered either before the surgery (neo-adjuvant chemo-
therapy), or 4–8 weeks after the surgery (adjuvant chemotherapy),
or even as the initial treatment for advanced cases (stages IIIB and
IV). The last therapeutic strategy is radiotherapy, which is often
associated with the chemotherapy [21,22].

Our study concerns patients who were at least 18 years old,
residing in the region Burgundy and hospitalised between 2006
and 2008, whatever the location in France of the establishment
attended. All of the patients had undergone major lung surgery for
the management of non-metastatic malignant tumours.

2.2. Pathway related definitions

Given a patient, the pathway (considered the same way as care
management history) was defined as the chronological succession of
different discharge abstracts identified in the national PMSI
database and linked together using an anonymised unique patient
identifier. This pathway was characterised by four elements: first of
all, the start, that is to say the first stay with surgery related to lung
cancer treatment. This is often the first step in the treatment
strategy. This initial management directly affects the prognosis and
survival [24]. The end of the pathway occurs after one year of follow-
up. We then have the list of all discharge abstracts located between
the start and the end of the pathway. These discharge abstracts
contain all the information recorded, notably the modifiable
characteristics of patients such as the place of residence, the anti-
cancer treatments given and the establishments attended. Finally,
the patient’s condition at the end is recorded, that is, alive or dead.

The patient pathway representation is shown as a repeat-free
chronological succession of the different categories of establish-
ments attended by a patient. The following establishment
categories were used in this study: private clinics (CL), private
non-profit-making clinics that are part of the public hospital sector
(PSPH), hospitals (CH), teaching hospitals/or regional hospitals
(CHU/CHR) and anti-cancer centres (CLCC).

For example, let us consider the following chronologically
sorted list of hospital categories attended by a given patient: ‘‘CL–
CL–CH–CHU–CH–CH’’. The corresponding pathway was repre-
sented as ‘‘CL–CH–CHU–CH’’, where one could notice that
consecutive ‘‘CL’’ at the beginning or ‘‘CH’’ at the end was not
repeated.

2.3. From database record to patient pathway: the building process

The study of the complete patient’s pathway required a
longitudinal approach of the chronological sequence of events.
In our case, an event is likened to a single record of the
administrative database. That is, a discharge abstract of a hospital
stay. The first step of our work thus consisted of reconstituting the
pathway for every selected patient by linking together all
discharge abstracts belonging to the same patient using an
anonymised patient identifier saved in each abstract. The next
step was to group all the patients that shared the same individual
pathway into one pathway. In this study, we are not interested in
comparing the characteristics of patients but in the comparison of
different pathways. Thus, the individuals of the data analysis are
not the patients but the pathways. Symbolic data analysis (SDA)
[19,25,26] allows us to analyse the pathways taking into account
the variations of the characteristics of patients within each of
them. To do this, the analysis suggests describing each pathway
by the variables defined on the patients. As each pathway
includes several patients, a pathway will be described, for each
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variable, by a categorical histogram-value (histogram value)
aggregating up all the different values of all the patients sharing
the same pathway. Using SDA terminology, we say that we create
the concept ‘‘pathway’’ and that we build a symbolic data table
describing the pathways. Suppose a particular pathway comprises
four individuals (I1,. . .,I4) with measurements for age (A) and
gender (G). Suppose the measurements were I1: A = 89, G = man, I2:
A = 79, G = man, I3: A = 90, G = man and I4: A = 76, G = woman. Then
aggregating these individual patients measurements gives the
pathway measurement as A = [76, 90], G = {woman (1/4), man (3/
4)}. Here the age variable for pathway is now recorded as an
interval value (with particular values falling across the interval),
and the gender variable is recorded as a list with relative frequency
(here, e.g., 3/4 for man) recorded for each of possible values
(categories) in that list. Fig. 1 illustrates the construction of the
symbolic data table of the pathways generated by the TabSyr
module of the SYR software [27]. In this Fig. 1, 94 pathways are
built from 495 patients. For instance, for a given pathway, we can
consider a group of 4 patients in this same pathway living in the
respective departments: Côte-d’Or, Côte-d’Or, Yonne and Nièvre.
The variable department will take the following histogram-values:
Côte-d’Or (1/2), Yonne (1/4), Nièvre (1/4) in which the proportions
are shown in brackets.

2.4. Patient’s pathway description variables

To characterise a pathway, variables were selected according
to their clinical pertinence and ease of interpretation. All
variables used to describe a patient’s pathway were defined at

the patient level. As shown in Table 1, these variables were
divided in 2 groups: Group 1 contained variables that do not
change across different stays. The Group 2 was concerned with
global variables related to at least 2 stays. In Group 1, variables
were again divided into three subgroups: the first subgroup (SG
1) included patient identification variables such as age, gender
and the living department (Côte-d’or, Nièvre, Saône-et-loire or
Yonne) which were recorded in the first stay of the patient’s
pathway and the status (alive or dead) known after the last stay.
The next subgroup was formed with variables related to the first
surgical operation: the year (between year 2006 and 2008
inclusive), the name of the procedure performed (lobectomy,
pneumectomy, others) and the category of the establishment
attended. Finally, the last subgroup was built with binary
variables (yes/no) related to treatment modalities against cancer
and recorded in a specific stay: the use of neoadjuvant
chemotherapy, the use of chemotherapy less than 3 months
after the initial surgery and completion of chemotherapy at least
3 months later. In Group 2, variables were divided into two
subgroups: The first subgroup variables were used to sum-
marised all the stays in a patient’s pathway: the length of each
stay (number of days), the total length of all stays, the repeat-free
sequence of different categories of establishment attended and
the type variable that characterised a patient’s pathway as
territorial (when for a given pathway, all hospitals and the patient
residence were located in the same department), regional or
extra-regional. The second subgroup included variables related to
different treatment modalities against cancer (surgery, chemo-
therapy and radiotherapy): the number of received modalities,

Fig. 1. From the patient’s data table to the pathways data table using symbolic data analysis methodology and the SYR software.

Table 1
List of patient-related variables collected and used for the description of pathway.

Group (G) Subgroup (SG) Variable Description

G 1 SG 1 Gender 1 = man; 2 = woman

Age The age of the patient

Department Patient’s department of residence at the start of the trajectory

SG 2 Status Condition of patient at discharge from the last hospitalisation of the trajectory: alive or dead

Year L’année pendant laquelle a eu lieu the première hospitalisation for the première surgery for lutter contre

the lung cancer

Surgery Represents the different thoracic surgery techniques: lobectomy, pneumonectomy, segmentectomy,

partial exeresis, etc.

FirstEstab Category of the first establishment of the trajectory

SG 3 Neoadjv chemo Was chemotherapy given before initial surgery? (yes/no)

Chemo_min3 The patient received chemotherapy less than 3 months after the initial surgery (yes/no)

Chemo_max3 The patient received chemotherapy at least 3 months after the initial surgery (yes/no)

G 2 SG 1 Pathway Chronological sequence without repeats for the category of establishments attended from the stay for

the first surgery and throughout the following year

Establishment The categories of the establishments attended after the first stay for surgery

Pathway type Type of trajectory in 3 modalities: local, regional or regional migration

Stay duration Duration of stay for each hospitalisation in the trajectory

Nbepisode The total number of hospitalisations during the trajectory.

Hosp time Total number of days spent in the different hospital structures

SG 2 Therapmod The anti-cancer therapies used after the initial surgery

NbTherapMod Total number of therapies received during the trajectory. We counted one therapy per stay

Therapy Chronological sequence without repeats of the different therapies received during the trajectory

G. Nuemi et al. / Cancer Epidemiology 37 (2013) 688–696690
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the complete chronological sequence of received treatment modali-
ties (e.g., surgery–chemotherapy–chemotherapy–chemotherapy)
and the repeat-free one (e.g., surgery–chemotherapy).

2.5. Pathway typology building process

In the next step, a clustering of the pathways allows us to build
the main types of pathways (pathway typology) and focus on the
interpretation of these main types. We applied directly to the
symbolic data table of the pathways a clustering procedure that
was implemented in the ‘‘CluStsyr’’ module of SYR software [27].
This procedure extends ‘‘k-means’’ clustering to symbolic data as
input [28]. This is an iterative method that improves the
homogeneity of the clusters by calculating their barycentres and
by re-allocating individuals according to the new barycentres. For
this type of classification, the number of clusters has to be fixed
beforehand. However, it is also preferable to limit the number of
variables (feature selection) used in a given clustering application
both to avoid redundancy and to facilitate interpretation of results.
Thus, one could consider according to their own clinical experience
or experts recommendations, only, either clinically pertinence
variables or those with ease of interpretation. However, we suggest
a more reproducible method to perform this feature selection. That
is by conducting a dimension reduction technique using a principal
component analysis (PCA) technique [29,30]. The feature selection
is done by selecting only one or two variables with the higher
loading on one principal component (i.e., their correlation with this
component or axis). The stability of the selection could be
investigated using bootstrapped methods [31]. Only principal
components with an eigenvalue value greater than 1.0 were retained
for this variable selection process. The pathway clustering is thus
performed on the selected variables called ‘‘explanatory variables’’.
The other variables were preserved as illustrative variables for the
interpretation. As output, we obtain clusters or the typology of
pathways described with histogram-valued symbolic data.

For the geographical analysis, the place of residence of the
patients and the location of the establishments they attended were
geocoded. The different pathways were represented by spider
maps made up of line segments between the patient’s place of
residence and the establishment identified for each episode of care
management.

2.6. Data analysis results

The description of the data concerned patients’ characteristics,
the different treatment modalities and the different categories of
establishment. Qualitative variables were described as percen-
tages and comparisons were made using Pearson’s Chi-square or
Fisher’s test. Continuous quantitative variables were described as
means and standard deviations. Analysis of variance was used for
multiple means comparison. Unless indicated otherwise, the
different statistical tests were conducted with a level of signifi-
cance of 5%.

The movements of patients within a given pathway were
analysed in two complementary ways: the first was when, by using
the notion of transition between two types of establishment, we
calculated the different transition rates. In the second way, an
analysis was done in terms of movement of the patient around the
country, from the department of residence to an establishment.
From here we were able to classify each pathway in one of the
following 3 categories: first, the so-called territorial pathway, in
which patients only attended establishments located in their
department of residence (proximity pathways). Second, was the
regional pathway where the hospital attended was located outside
the department of residence, but still within the region of
Burgundy. Finally, we had a regional migration pathway where
at least one hospital stay occurred outside the region of Burgundy.

Data were extracted from the national PMSI databases using a
dedicated extraction tool, which had been designed and developed
for this study. The reconstitution of pathways as well as their
description was done using SAS version 9.2 software. The tables for
symbolic data and the classification of pathways were constructed
using the ClustSYR software suite from SYROKKO Company. The
MapInfo 8.5 and Adobe Illustrator CS 3 software was used to create
the cartographic representations of the different pathways types
constructed.

3. Results

First we will present the characteristics of the patients and
those of the reconstituted hospital pathways before and after
removal of repeats. We will then present the results of the
classification of these pathways as well as the spatial illustration.

We identified 495 patients who met the defined inclusion
criteria between 2006 and 2008. These patients accounted for a
total of 3831 hospital stays with all types of care included in a time
window of one year following the first tumour resection. The
majority of patients were men 79% (393) versus 21% (102) for
women. There was no significant relationship between gender and
department of residence at the first hospitalisation (p = 0.253). For
age, we found no significant difference between men (64; 95%
confidence interval (CI) 63–65) and women (63; 95% CI 61–65), at
the start of the pathway and according to the department of
residence (p = 0.404). The mean number of hospital stays per
patient was not significantly linked to either gender, or place of
residence at the start of the trajectory (p = 0.640). It was 8 (95% CI
7–9) hospital stays for men and 8 (95% CI 7–8) hospital stays for
women (cf. Table 2).

Individual pathways for the 495 patients were reconstituted.
These comprised on average 9 episodes of care with a median of 6
and a standard deviation of 7. The longest pathway comprised 78
episodes (hospital stays) and the shortest 1. Care was given in 6
different types of establishment: Private Clinics (CL) had the
highest attendance rates at 41.6% followed by Hospitals (CH) with
31.2%, then Teaching Hospitals (CHU) with 16.3%. Under the 10%
threshold, there were PSPH at 6%, Anticancer Centres (CLCC) at

Table 2
Number of patients and certain individual characteristics by department of residence.

Variables Côte d’Or Nièvre Saône-et-Loire Yonne Total Pa

No. of patients 111 85 187 112 495

Gender

Men 85 63 150 95 393 0.253

Women 26 22 37 17 102

Ageb 63 (61–65) 63 (61–65) 64 (63–66) 64 (63–66) 64 (63–65) 0.404

No. of episodesb,c 8 (7–9) 6 (5–8) 8 (7–9) 9 (6–10) 8 (7–8) 0.640

a Significance.
b Mean (95% confidence interval).
c Number of stays in an establishment.

G. Nuemi et al. / Cancer Epidemiology 37 (2013) 688–696 691
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4.7% and establishments for follow-up care (SSR) at 0.2%. The 10
most frequent pathways accounted for about 30% of the total.
Table 3 shows these different pathways represented here in the
repeat-free form, in which the number of repeats is shown after the
slash. The most frequent pathway occurred in 7.5% [37] of cases
with a single type of establishment (CHU repeated once). Then
came the association CHU–CH which accounted for 3.2% [16], etc.
Altogether, a total of 54 establishments were attended including
44% [24] located in the region of Burgundy. Table 4 shows the
distribution of these 24 types of hospitals in the four departments
of this region. It is noted that neither PSPH, nor SSR was
represented in Table 4. This is because follow-up did not take
place in these types of establishments located in region Burgundy
even though they exist.

From these pathways, we were able to analyse the movements
of patients. We thus calculated the different transition rates, which
are shown in Table 5. We found that the vast majority of transitions
occurred between identical types of establishment (CHU ! CHU,

for example). In addition, the highest rates were towards Hospitals
(CHU ! CH (24%) and PSPH ! CH (22%)). With regard to the
patient’s movements around the country, the proximity pathways
accounted for 41% (203) of patients. The regional one for 15% (74)
of patients and the regional migration pathway was the most
frequent with 218 patients (44%).

The symbolic data table contained 94 distinct pathways. The
mean number of patients per pathway was 5 (95% CI 3–8) varying
from 1 to 83. These pathways were described by the 18 variables,
summarised in Table 1. These variables are all presented in the
form of categorical histograms with the number of modalities per
variable which range from 2 (gender) to 6 (age group). When the
different modalities of these variables are added together, we
obtain approximately 54 types of information that correlate more
or less with each other.

With the PCA, 22 principal components that accounted for 84%
of the information were identified. For each component (axis), the
higher loading variables (i.e., their correlation with this axis) as
shown in Table 6 and highlighted in bold, were candidates for our
explanatory set of variables. Thus, we see our 18 variables were
principally correlated with 10 of these principal components. On
the first axis (axis 1), 5 variables were related to treatment

Table 3
The 10 most frequent raw pathways.

Pathway Frequency Proportion (%)

CHUa/1 37 7.5

CHU/1-CH/1b 16 3.2

CL/2 13 2.6

CL/3 13 2.6

CHU/1-CL/1 12 2.4

CL/1 12 2.4

PSPH/1 11 2.2

CHU/1-CH/2 10 2

CHU/2 8 1.6

CHU/1-CH/12 7 1.4

a CH, hospital; CHU, teaching hospitals; CL, private clinics; CLCC, anticancer

centres; PSPH, private non-profit-making clinics, part of the public hospital sector.
b CH/y, y = number of repetitions of the type of establishment in the trajectory.

Table 4
Distribution by department of the different types of establishment in the region of

Burgundy.

Type of establishment Côte-d’Or Nièvre Saône-et-Loire Yonne Total

CHU/CHR 1 1

CH 1 2 5 2 10

CLCC 1 1

CL 5 1 4 2 12

Total 8 3 9 4 24

Table 5
Transfer rates between the types of establishment.

From/To [! CH] [! CHU] [! CL] [! CLCC] [! PSPH] [! SSR]

[CH !] 0.89 0.03 0.05 0.02 0.02 0.00

[CHU !] 0.24 0.57 0.14 0.03 0.03 0

[CL !] 0.04 0.03 0.92 0.01 0.01 0.00

[CLCC !] 0.10 0.05 0.06 0.80 0 0

[PSPH !] 0.22 0.04 0.16 0.02 0.56 0

[SSR !] 0 0 0.13 0 0 0.87

Table 6
Correlation coefficients between the variables that describe pathways and the principal components from the principal component analysis with eigenvalue �1.

Axis 1 Axis 2 Axis 3 Axis 4 Axis 5 Axis 6 Axis 8 Axis 9 Axis 10 Axis 11

Gender 0.077 0.104 0.272 0.344 0.268 0.439 0.196 0.371 0.085 0.005

Chemo_min3 0.868 0.025 0.016 0.078 0.087 0.025 0.014 0.002 0.064 0.026

Chemo_max3 0.831 0.123 0.074 0.087 0.146 0.097 0.053 0.082 0.047 0.114

Neoadjv chemo 0.01 0.587 0.227 0.03 0.075 0.257 0.057 0.092 0.454 0.147

Pathway type 0.346 0.565 0.444 0.399 0.621 0.091 0.109 0.026 0.163 0.079

Tps_hosp 0.322 0.628 0.714 0.444 0.502 0.277 0.203 0.377 0.361 0.152

FirstEstab 0.346 0.489 0.455 0.674 0.642 0.625 0.606 0.205 0.254 0.139

Department 0.358 0.586 0.419 0.734 0.401 0.472 0.359 0.163 0.454 0.299

Year 0.139 0.226 0.072 0.172 0.276 0.349 0.208 0.291 0.215 0.541
Age 0.433 0.394 0.23 0.396 0.226 0.251 0.52 0.531 0.661 0.476

Surgery 0.107 0.347 0.487 0.28 0.201 0.528 0.195 0.299 0.127 0.157

Status 0.089 0.311 0.444 0.024 0.317 0.328 0.406 0.187 0.005 0.351

NbTherapMod 0.949 0.452 0.239 0.392 0.257 0.379 0.182 0.442 0.151 0.092

Nbepisode 0.544 0.433 0.477 0.275 0.265 0.361 0.365 0.609 0.346 0.235

Therapy 0.928 0.282 0.124 0.035 0.138 0.151 0.104 0.13 0.086 0.035

Stay duration 0.439 0.529 0.756 0.519 0.504 0.24 0.346 0.459 0.344 0.285

Establishment 0.404 0.396 0.437 0.483 0.367 0.284 0.558 0.2 0.479 0.495

Therapmod 0.84 0.12 0.122 0.103 0.085 0.138 0.244 0.135 0.094 0.031

Variables in bold were selected for the classification.
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procedure. Axis 3 extracts information on the duration of hospital
stays with 3 variables, and provides information on the status of
the patient at the end of the trajectory (alive or dead). Axis 6 gives
information principally on the gender of patients and on the type of
surgery (lobectomy, pneumonectomy or other). In contrast, other
axes are more specific to one variable, such as axis 5 for the type of
trajectory (proximity, regional or regional migration), axis 10 for
age and axis 11 for the year the disease was diagnosed. By
balancing these results across all axes and all variables, a single
variable per axis was selected to form our explanatory variable set
used for the clustering process. The retained set of variables
represented the most frequent ones selected using the bootstrap
method.

Fig. 2 shows the results of the typology with 5 distinct types of
pathway. In this figure, clusters are listed in lines while each
column represents variables describing pathways. The names of
the variables are shown in the upper part of the figure and the
different modalities in the lower part. The first six variables
represented in Fig. 2 were part of our ‘‘explanatory variables’’ list
and were less discriminant from left to right. The last three
variables were other pathways descriptive variables. Every cell in
the figure shows a categorical histogram of the different modalities
of a variable in a given class. The higher the bar, the more this
modality is represented in the corresponding class.

The first column suggests that there are three main types of
pathway: migration outside the region (regional migration of
patients) (classes 4 and 5), care exclusively within the department
of residence (proximity: classes 1 and 2) and care outside the
patient’s department of residence (class 3). This last class includes
as many migrations as intra-regional care; 60% of the patients
concerned lived in Saône-et-Loire and 40% lived in the Nievre. Most
were elderly men (70–80), who had surgery alone and, unlike
patients in other groups, underwent pneumonectomy. This
operation is performed essentially in Teaching Hospitals (First-
Estab), and follow-up principally takes place in PSPH. Regional
migrations alone principally concern patients from Yonne (class 4)
and Nievre (class 5). For the former, the treatment was surgery
alone (lobectomy) performed in a PSPH establishment and for the
latter, the treatment was a mixture of surgery and chemotherapy.
It is noteworthy that for this cancer, the gender of the patient did
not make it possible to distinguish between the different classes or
the state of the patient at the end of the pathway (living patients
predominated).

The cartographic representation of the classification made it
possible to refine the interpretation of the first results (cf. Fig. 3).
One outstanding result is the extent of migrations outside the
region of Burgundy, for class 5 patients, who travelled to Paris and
Lyon.

More generally, the cartography of the pathway types shows
the strong polarisation towards Dijon CHU, which draws patients
from the whole region. This representation brings to mind models
concerning the attraction of urban centres and their rural outskirts,
reflecting not only population dynamics and economic power, but
also utilisation of the healthcare system. Patients who live in rural
environments are those who cover the longest distances to reach
large urban centres for their surgical operations [32–34].

To refine the interpretation of the classification table, we
created Table 7, which summarises the number of patients, the
number of pathways and the ratio between the two, according to
the different classes. It is noticeable that the number of patients in
class 3 appears to be smaller than those in the other classes.

4. Discussion

We reconstructed and described hospital pathway for each
patient. We then identified five distinct patient profiles (path-
ways), which allowed us to make a synthesis of the longitudinal
evolution of Burgundy patients operated on for lung cancer and
followed for 1 year, using a process of classification based on
variables available in the PMSI database: the type of establishment
for the first surgery, the type of pathway (proximity regional or
migration outside the region – called regional migration), age, the
department of residence, the nature of the surgery (lobectomy,
pneumonectomy, other), the establishment attended, the number
and duration of hospital stays. The different profiles are easy to
understand. The first profile (class 1) includes patients who make
use of local care providers (proximity). They have their operations
and chemotherapy treatment in private clinics. These are
principally men living in the department of Côte-d’Or and aged
between 50 and 80 years (with relatively well-balanced 10-year
age groups). Class 2 mainly includes men between 60 and 70 years
old living in Saône-et-Loire. Most are treated in the department,
but some travel to other departments of the region or even beyond.
There is the same variability with regard to the establishment
where the surgery is performed, with a preference for CHU/CHR,
whereas chemotherapy is administered in CH. The last three

Fig. 2. Description of the 5 classes (profiles) using pathway description variables.
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profiles (classes 3–5) essentially concern patients who are treated
outside the region of residence. Class 3 includes mainly elderly
men (70–80 years) who have their operations in CHU/CHR for
pneumonectomy and are then followed in a PSPH. Most live in
Nievre and a few in Saône-et-Loire. Most of the patients in classes 4
and 5 are managed almost exclusively outside this region of
residence. Class 4 includes elderly patients (70–80 years) from
Yonne, but also from Saône-et-Loire who have their operations in
PSPH and who almost never have chemotherapy after the
lobectomy. This class is the one that contains the largest
proportion of women. Patients in class 5 are slightly younger,
have their operations in CHU/CHR and PSPH and their chemother-
apy in CH. Spatial analysis of these profiles provided a clear picture
of the destinations of patients who seek treatment outside their
region. These account for a large proportion of all pathways (44% of
pathways correspond to regional migrations). The majority of
patients in class 4, for example, were operated in PSPH in the
region Île-de-France. These results are important for healthcare

policy makers in their struggle to reduce inequality in access to
healthcare services and improve equity in service provision. In fact,
this classification has highlighted 2 groups (4 and 5) of patients
whose pathways are the most likely to include migration outside
residential region for a specific healthcare service. Hence,
identification of associated factors is more precise.

The methodology used in this study has several strong points:
the choice of the type of epidemiological study (ecological), the
analytical tools employed, which are innovative in the field of
epidemiology [25,26,35,36] and finally the very nature of the
data used for the application. These medico-economic databases
are particularly interesting for the wealth of individual
information they contain, their volume and diversity [7,8]. The
efficacy of certain healthcare policies can thus be evaluated
thanks to ecological studies. In our case, the choice of the type of
study was in no way a constraint. To the contrary, our research
was driven by the desire to extract as much as possible of the
wealth of individual data available. This is as important for policy

Fig. 3. Cartographic representation of class 5.

Table 7
Description of the 5 classes (profiles) resulting from the classification in terms of number of patients, pathways and the patients/pathways ratio.

Number of patients % Number of pathways % Ratio patient/pathways

Class 1 141 28.5 15 16.0 9

Class 2 77 15.6 30 31.9 3

Class 3 6 1.2 5 5.3 1

Class 4 131 26.5 15 16.0 9

Class 5 140 28.3 29 30.9 5

Total 495 100.0 94 100.0 5
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decision-makers as for clinicians because this strategy makes it
easier to understand and visualise the groups analysed. The
essential aim here was to minimise information loss during the
aggregation process [25]; that is to say the transfer of individual
data (patients) to pathway data. The work that we have done on
the management of lung cancer in the region of Burgundy
consisted of using, as the principal source of data, information on
patients’ individual hospital stays and providing as the final
result a photograph of types of care management (profiles).

The cartography of the results provides a dynamic spatial view
of patients’ pathways in each of the classes. Although not all of the
patients’ pathways can be represented here, by using spider maps
to show the pathways, it is easier to understand the destination of
each of the patients according to the department of residence. The
model used is not limited to surgical management alone, but can
also be generalised for all aspects of care. The aim is to appreciate
the spatial footprint of these pathways. It must be pointed out that
this method of spatial analysis is based on a limited number of
variables: identification number of the establishments and
postcode of the patients’ residence. Another advantage of this
methodology lies in the interpretation of the classification results,
which is based on classical individual variables (age, gender,
establishments attended, etc.), which are then aggregated. In
addition, the representation in the form of categorical histograms
makes it possible to see within pathways variability for each
variable. Because they are simple and easy to interpret, these
results are a useful tool to help decision-making for planners and
healthcare professionals.

Of course, although analytic methods can generate simple,
easy-to-interpret results, none is perfect, and our work does not
escape this rule. Debatable choices were made throughout the
study. The definition of the notion of pathway in our context was
important. We chose initial surgery as the start of the pathway for
all of the patients because the information was available for all,
relatively easy to collect and presented no ambiguity in the coding.
The duration of the pathways, which was set at 1 year after the
initial surgery, was adapted to the periods covered by the
databases we used, as was the case for all of the automatic
classification issues, which rely on partitioning methods [20], and
the choice of the number of classes was a compromise. In the
spatial analysis phase, the identification and location codes were
easy to geocode, but only gave an approximate idea of the location
of the patients and the structures. We can give the example of
‘Assistance Publique – Hôpitaux de Paris’ establishments, which
were geocoded for the address of the organisation’s head office; in
the same way, patients were located randomly in the PMSI zones.
Nonetheless, the representation of the surgical management
pathways by line segments symbolising the distances travelled,
did not have an impact on the general perception of migrations nor
on the dynamics of hospitals’ ability to attract, even though the use
of this technique made it impossible to include in the analysis a
variable linked to the means of transport used.

In the scientific medical literature, the desired information is at
the level of the patient. Given the volume of national medico-
administrative databases, it can be advantageous to aggregate
data to work with more compact datasets. This study can be
considered an ecological study without the drawbacks (Ecological
fallacy) [37], because it is always possible to come back to a
detailed level. A similar question arises with regard to the
management of a huge number of variables (sometimes several
hundred). Should the number of variables be reduced, with the
risk of leaving out important variables? The interest of factorial
analysis lies in the fact that all of the variables in the model are
taken into account, while transforming the information into a
number of components that is smaller than the initial number of
variables.

5. Conclusion

The combination of the methods employed in this study made it
possible to synthesise in a simple and reproducible manner the
mass of information contained in medico-administrative data-
bases. Actually, the data provide concrete knowledge about the
organisation of care management in the field in this context of a
serious disease like lung cancer. By using appropriate tools, the
construction of pathways in care management allows better
understanding of the logic that governs patients’ movements, as
well as characteristics of the therapeutic episodes they have
experienced. Though implementing the tools may sometimes
appear complex, interpretation of the results remains simple, and
the main profiles of patients and their pathways revealed by the
classification make it possible to extract the sparse content of
hospital databases. In addition, the combination of statistical
analyses and cartography provides an overall trans-disciplinary
view of public health. The reconstruction of care-management
pathways opens the way for analyses of collaboration between the
different healthcare establishments, which could reveal associa-
tions that should be developed. We can suppose that with the
generalisation of the use of medico-administrative databases, in
France as well as in Europe, the employment of such methods in
the field of public health will develop and will provide numerous
elements useful to decision-makers and to the implementation of
efficient healthcare governance.
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