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Glossary
COPD: Chronic Obstructive Pulmonary Disease
NIV: Non invasive ventilation
SNDS: French National Health Insurance Database (Système National des Données de Santé)
TAK: Time-sequence Analysis through K-clustering
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Background
Innovative artificial intelligence methods, especially Machine Learning 
based methods, have shown strong interest to visualize patient’s 
healthcare pathways.

The Time-sequence Analysis through K-clustering algorithm, known 
as TAK®, was first introduced in 2019, in order to produce a visualization 
of treatment patterns for an entire cohort. 

To improve the interpretation and visualization of medical events 
sequences and healthcare pathways for very large cohorts of patients, 
the TAK-medoids, method derived from meta-TAK [1] is of special 
interest. 

Indeed, to have readable  and understandable results for the whole 
cohort, it is not possible to represent the treatment sequences of every 
single patient. Therefore, the idea is to regroup patients with a similar 
sequence. 

For diseases affecting large number of patients, such as COPD, this 
double-clustering method based on the TAK algorithm, is thus very 
interesting to identify and compare patients with similar healthcare 
pathways.

Objective
To apply artificial intelligence method, the TAK-medoids algorithm, on 
medical events sequence of a large cohort of 54,545  patients with COPD to 
visualize their healthcare pathway and to identify and describe 
groups with similar pathways. 

Methodology

Data sources

Data were extracted from the French National Health Insurance Database (SNDS) which covers about 98.8% of the 
population living in France [2].

The SNDS contains socio-demographic data (age, sex, and area), and information on all health care expenses, 
including outpatient visits, reimbursed medication, medical procedures, hospital admission diagnoses and 
procedures, and date of death. 

Study population and study period

The study population comprised individuals aged ≥40 years who had at least one reimbursement for 
Non-Invasive Ventilation (NIV) between 1 January 2015 and 31 December 2019. 

Only incident cases were included (i.e. those with no NIV treatment in the previous 5 years); the index date was the 
date of first delivery of NIV during the study inclusion period. 

The presence of COPD was determined based on ICD-10 codes (J41 – J44 or J961) during at least one 
hospitalization of presence of long-term disease. Data collection for included individuals continued until December 
2020.

Outcomes definition

Only severe exacerbations of COPD that required hospitalisation were identified. Only hospitalisations for 
cardiology or respiratory diagnoses were recorded. 

Statistical analysis / Data visualisation
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Conclusion
By modifying the meta-features originally used in the Meta-TAK and by 
simplifying the resulting visualization, we manage to get a readable 
representation of medical events in a cohort of more than 50,000 
patients. 

While the Meta-TAK was introduced in order to face the computation 
complexity issue, the TAK-medoids goes one step further by 
simplifying the resulting cohort visualization and by being performant 
on medical events, more occasional and shorter than usual treatment 
phases the TAK was created for. 

          Optimization of the statistical model: Selection of medoids

A total of 50 meta-features were selected corresponding to the number of observations of each pathway event, 
and the order of occurrence of these events. 

The objective is to select the patient-medoids so that they are very different one from another (so that we limitate 
the number of patient-medoids and so the complexity and the computational time) et all patients represented by 
the same patient-medoids are very similar one from another. 

The optimal number of patient-medoids was 3,000, each of them representing 6 patients in median (Q1: 3; Q3: 12). 
One patient-medoid represented up to 8,314 patients while 417 medoids only represented themselves. 
The mean homogeneity score for the distance between all patients represented by the same patient-medoid was 
95.3% (standard deviation 8%), Q1 = 94.2%, Q3 = 99.9%.

Q3Q1 median

6 patients 
in median

1 patient-medoid 
represented up to 8,314 patients

417 medoids 
only represented themselves

Patients Group of patients represented by one patient-medoid

          Final vizualisation of clusters 

Finally, using the hierarchical agglomerative clustering on patient-medoids, we identified and represented 4 
main care pathways. Two are represented in this poster as examples:

Cluster A: Early initiation of the NIV

• Concerned 66% of the whole cohort (N= 35,975 patients). 
• Represented by 458 (15%) patient-medoids      

Cluster B: Late initiation of NIV, following several episodes of exacerbations

• Concerned 25% (N=11,375 patients). 
• Represented by 1,581 (53%) patient-medoid
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         many patients with homogeneous pathways.

         more heterogeneous cluster.

The TAK-medoids, an algorithm to visualize healthcare pathway pattern 
on a very large cohort of patients: application on 50,000 patients with COPD
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Results

          Cohort description

A total of 54,545 incident COPD patients treated with NIV were included in the analysis

N=150,518
Individuals having at least one reimbursement for home NIV 
between Jan 1, 2015 and Dec 31, 2019

Individuals aged ≥40 years 
with confirmed COPD during the pre-NIV period 

N=54,545
Median age : 70 (IQR: 62 ; 79)
51% of men
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K-means clustering on meta feature
• Find N (=3,000) clusters of patients with similar treatment 
sequence
• For each cluster define the centroid as the medoid, i.e., the 
representative of all the patients of the cluster

Medoids selection
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2 Choice of meta features

Meta features
• Number of uninterrupted occurrences in the trace 
• Parameters of each occurrence duration distribution
• Events sequences
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Healthcare resource utilization from claims data 

Event log

4

Each medoid is represented as a time sequence vector 

Time sequence vectors

Follow-up timeline

5 Distance matrix on medoids

Hamming distance between all possible pairs of medoids
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6 Hierarchical clustering, to find optimal ordering

Ward’s linkage method used for clustering

7 Visualization of medoids ordered

Order medoids vectors and demultiply them by the number of 
patients of the cluster they represent 

8 Final data visualization, after post-processing

Vizualisation of the entire cohort treatment sequences
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