Tracking clusters of patients over time enables
extracting information from medico-
administrative databases
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Context

Clusters of patients

Medico-administrative databases (subgroups)

(Healthcare reimbursements)
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Patients are characterized by different types of longitudinal
variables which are measured over different follow-up periods

(—), generating truncated data.
[1] Sula Windgassen et al. (2018)
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Classical approaches to cluster patients with
longitudinal data

Longitudinal approaches

Raw-data-based Feature-based Model-based
approaches! approaches! approaches!
o Approaches directly applied | Features extracted from raw longitudinal data + o
Principe o o _ Model estimation
on raw longitudinal data non-longitudinal clustering approaches
Drawback Patients with truncated data must be removed from analysis or their data must be imputed

Adapted approaches required

Cluster-tracking approaches

[1] Liao, T. Warren. "Clustering of time series data—a survey." (2005)
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Use case : Echantillon Généraliste

V 4 V 4 o [ ] [ ]
des Bénéficiaires (EGB) EGE Data
n =660 000
Excluded
n=13768
Drug prescriptions
from 2008 to 2018
n =646 232
Excluded
n =481 290
BO1 prescriptions
n =164 942
BO1 : Antithrombotic agents
Excluded
n =134 831

Patient aged 60 to 70 with at least one
prescription for at least 2 consecutive months
n=230 111
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Cluster-tracking: raw-data-based approach
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Cluster-tracking: raw-data-based approach
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Cluster-tracking: network-based approach

Patient networks Clusters
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[1] Amit Singhal et al. (2001) [2] vanDongen, Stijn. (2000)
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Cluster-tracking: network-based approach




Cluster-tracking: raw-data and network-based approaches
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Trajectories identified with the raw-data-based approach

60.1
ASPIRIN : 1
ENOXAPARIN : 0.03
E11:024
125:0.18
SR=0.68
n=3278

60.2
ASPIRIN : 1
CLOPIDOGREL : 0.08
E11:0.23
125:0.11
SR=0.62
n=1570

60.4
CLOPIDOGREL : 1
ASPIRIN : 0.14
125:0.2
1702:0.2
SR=0.76

n=1176

60.5
FLUINDIONE : 1
ENOXAPARIN : 0.14
148 : 0.16
E11:0.16
SR=0.67
n=645

C

61.1
ASPIRIN : 1
ENOXAPARIN : 0.03
E11:0.24
125:0.16
SR=0.66
n=4322

|

729

61.3
CLOPIDOGREL : 1
ASPIRIN : 0.13
E11:0.18
1702 : 0.18
SR=0.75
n=1209

e
938

614
FLUINDIONE : 1
ENOXAPARIN : 0.12
148:0.18
E11:0.13
SR=0.68
n=710

493

62.1
ASPIRIN : 1
ENOXAPARIN : 0.03
E11:0.24
125:0.16
SR=0.66
n=4700

-

3377

62.3
CLOPIDOGREL : 1
ASPIRIN : 0.14
E11:0.19
125:0.18
SR=0.75
n=1261

e
971

62.4
FLUINDIONE : 1
ASPIRIN : 0.11

148 : 0.17

E11:0.14

SR=0.66
n=812

————— e
568

63.1
ASPIRIN : 1
ENOXAPARIN : 0.03
E11:024
125:0.15
SR=0.66
n=5273

N

3843

63.3
CLOPIDOGREL : 1
ASPIRIN : 0.15
E11:0.19
125:0.18
SR=0.76

n=1334

e
1027

634
FLUINDIONE : 1
ENOXAPARIN : 0.12
148:0.19
E11:0.15
SR=0.66
n=864

.
631

641
ASPIRIN : 1
ENOXAPARIN : 0.04
E11:0.24
125:0.16
SR=0.66
n=4410

3542

642
ASPIRIN : 1
CLOPIDOGREL : 0.07
E11:0.23
125:0.11
SR=0.62
n=1774

64.3
CLOPIDOGREL : 1
ASPIRIN : 0.13
E11:02
125:0.19
SR=0.76
n=1392

e
1084

64.5
FLUINDIONE : 1
ENOXAPARIN : 0.14
148 :0.18
E11:0.16
SR=0.66
n=929

N
660

m
65.1

ASPIRIN : 1

ENOXAPARIN : 0.03

E11:0.24

125:0.15

SR=0.66

n=5264

|

742

653
CLOPIDOGREL : 1
ASPIRIN : 0.14
E11:02
125:0.19
SR=0.75
n=1422

N
1121

654
FLUINDIONE : 1
ENOXAPARIN : 0.13
148 :0.19
E11:0.16
SR=0.65
n=1001

=
719

E11: type 2 diabetes mellitus, 125: chronic ischemic heart disease, 1702: atherosclerosis of extremities, 148: atrial fibrillation



Trajectories identified with the network-based approach

60.1 61.1 62.1 63.1
ASPIRIN - 1 ASPIRIN - 1 ASPIRIN - 1 ASPIRIN - 1
NADROPARIN : 0 FONDAPARINUX : 0 ENOXAPARIN : 0.01 ENOXAPARIN : 0.01
A e T8 s e
SR=0.65 3209 SR=0.65 3307 SR=0.64 3842 SR=064 394
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N=1041 61.2 n=118
CLOPIDOGREL - 1
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B E11:0.18
702 : 017
SR=0.74 m
60.8 n=1060 62.2
CLOPIDOGREL - 1 CLOPIDOGREL : 1
ASPIRIN - 0.87 TINZAPARIN - 0
125 : 0.28 E11:0.2
E11: 0418 1702 0.17
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S
14 0. 1702 - 0.1
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125 0.27 E11:02
1702 : 0.22 125 : 0.17
SR=0.78 50 SR=0.74 843
n=138 63.8 n=1192 65.2
ASPIRIN : 1 . CLOPIDOGREL - 1
CLOPIDOGREL - 1 TINZAPARIN - 0.01
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n=129 64.8 n=1189
ASPIRIN - 1
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677 SR=0.65 697 SR=0.64
n=951

60.3
FLUINDIONE : 1
ENOXAPARIN : 0.15
148 : 0.16

SR=0.66
n=679

——

61.3
FLUINDIONE : 1
ENOXAPARIN : 0.12
148 : 017
E11:0.13

SR=0.67

—

581

ENOXAPARIN : 0.1
148 : 0.17
E11:0.13
SR=0.65

n=821

n=926

e

628

E11:0.14
SR=0.65
n=903

C E11:0.15 503
n=733
E11: type 2 diabetes mellitus, 125: chronic ischemic heart disease, 110: essential primary hypertension, 1702: atherosclerosis of extremities, 148: atrial fibrillation
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Shiny app

On R:

library(shiny)

runGitHub("Cluster-tracking”, "JudithLamb")

To visualize the tracking of clusters and the cluster-trajectories
from a simulated dataset of 5594 patients with their drug
prescriptions
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Comparison with three classical longitudinal clustering approaches

Silhouette score: assess the clustering quality

S _ 1 Sq, S ~ 1: well-separated clusters
T ZiE T S ~ 0: overlapping clusters

S < 0: misassigned clusters

ng: number of patients in the cluster k

i 1K1 ;  K:number of clusters
St = K Zkzl N ZpePk Sp it age

3;: silhouette score of patient p

Raw-data-based | Network-based Raw-data-based Feature-based Model-based
cluster-tracking | cluster-tracking | longitudinal-clustering!”’ | longitudinal-clustering!®’ | longitudinal-clustering!®
0.57 0.50 0.27 0.20 -0.33

[1] Liao, T. Warren. "Clustering of time series data—a survey." (2005)
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Conclusion

*** We identified several cluster-trajectories
corresponding to pathologies

** We identified more homogeneous groups of
patients with our cluster-tracking approaches
as compared to three classical longitudinal
approaches

¢ Our cluster-tracking approaches do not need
any imputation of data or exclusion of patients
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Thank you for your attention !!!

Judith et al. (2022): https://www.medrxiv.org/content/10.1101/2022.08.05.22278468v1
Code Availability: https://github.com/JudithLamb/Cluster-tracking
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