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Definition of Data reuse

(or data re-use)

= Traditional approaches (before data reuse):

Scientific question. Ad hoc retrospective or Statistical
e.g.: which factors are prospective study -

associated with vitamin analySIS J New

K antagonists (VKA) knowledge
overdoses? Custom
database
= Advantages: = Drawbacks:

= Simple and specific data = Time-consuming

collection

Expensive

Late results

Often few records (low power)
Data cemeteries

= Simple data analysis

= Answers accurately the initial
guestion
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Definition of Data reuse

(or data re-use)

s Routine collection of transactional data:

Routine, daily Dain feeding
transactional activities,

e.g. patient care

: > Transactional |44
and updating database 1

Data

s Reuse of the data: ;
transformati

Statistical

auaston (. earycusiom SRSy
= Advantages: = Drawbacks:
= Low-cost = Often approximately
= Fast results answers the question
. Data enhancement = Not easy, methodological
Issues

= Amount of records => high statistical power
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Data reuse In Insurance

companies...

= Routine activities:  pyjy feeding

Transactional activities. and updatin Demographic

The company: data

Recruits and follows customers Contributions
| data (incomes)

Banks insurance premiums

Pays out claims — Accidents database
{outcomes)

= Reuse of the data: Data
transformation =
Model for predicting

Statisti individual risk
How much should ]
Nearly-custom analysis

Mr Smith pay for his
car insurance?

database l Decision

Personalized
insurance
premiums
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Data reuse in supermarket...

s Routine activities:

Daily feeding Sales
Transactional activities: and u pd ati receipts

Check-out (cash desks)

Fidelity cards —— Demographic
/ information
s Reuse of the data: Data
| transformation ‘ e e [0 O lar
How could we deodorant often

sell more roll-on m
Nearly-custom .. lﬂ - also buy razor blades
deodorant to dat):':tbase Statistical y

adult men? analysis l Decision

Place roll-on deodorant
for men beside razor
blades in the supermarket
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Data reuse In health?

Probably under-realized today

s Routine activities:  Daily feeding 5 .
i emographic &
Transactional activities: and uPdat' administrative data

Administrative check-in

‘ Administered
Drug prescriptions ngs// '—ar*;‘;ﬁ:gry

Laboratory assessments
"w Diagnoses,

Billing procedures

= Reuse of the data: / Data
transformation
Are there adverse drug

events?
Are the care procedures
correctly applied?
May the Length of stay N — Statistical New knowledge?

be predicted? N — analysis
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Definition of Big Data in Healthcare

Baro 2014, Toward a Literature-Driven Definition of

Big Data in Healthcare

= Bibliographic review of 330 international papers with the “big
data” keyword (among which 48 describing a dataset)

= Literature-driven definition of big data:
= high volume Log(n*p)=7 (n=nb of subjects, p=nb of variables)

Density

2016-06-09

0.4

0.3 —

0.2

— all

- = omics

--- medical specialties
=== public health

log(p)

12

10 —

*  Public he

Weg

Omics: few subjects, many variables

hirable devices?

+ omics
O medical specialties
+ public health

hlth: few

variables, many subjects
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Definition of “big data”

= “big data” is generally a property of the routinely collected data that
can be reused

= "Big” can be understood through 5 dimensions: !!!_
2-Many variables !!!.

“id | age | gender | diagnosis | ... | L
123 23 M 110

4-Many tables &
125 78 M K37 .. relationships
I-Many
recardi' 245 L3 i Med.2 5-Variables with
278 24 M 141 repeated
324 65 F 148 e measurements
350 34 F F20.2 s m
123 K+ 45

3-Many possible values for 153 k+ 48
123 K+ 5.2

a = = 2 = = ¥ ] 2
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Administrative data . Drugs

88 years old woman Acetaminopheill — NG

Diagnoses VKA ATC codes (not the most detailed): »

110  Arterial hype “ension o ~3300 difierent codes
78671 Personal his of mvocardial Vitamin K ~25 drug*day per stay

Ischem i I
: Statin
1620 Non-tra ~39000 different codes

hemorr| ~3 per stay Red blood cells L] >

Medical procedures Laboratory results

ABJA002 Drainage "an acute /\
subdural orrhage, by Y AN, —

Custom labels:
FELFOO1 Trans ~5500 different codes | ~100 frequent parameters

cranit CCAM codes:

~3 per stay -+ ~100 measurements per stay

Free-text reports

DischargeJ

letter

Surgical reportJ




Challenges in data reuse

s Where Is the secret of a successful data reuse?

Here? Yes, mainly! — Here? Not really...
The decisions that fransactiona Data mining techniques

database 1 1al .
are taken for the data ,. =D %I (c statistical methods)
transformation e are used, but not

process have a _ specific.
critical effect. Data trakhsformation
Nearly-custom StauSt'c_:al Results
database analysis
Scientific ]
Here? Partially... :
Significant tests are nearly Knowledge

always observed in Big Data:
correct the « risk, consider the
effect size.
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Data aggregation: what for?

= Mandatory before using statistical methods

s Enables to transform data into information: how would a
human comment/summarize the raw data?

= Suppresses 3 over 5 dimensions of “bigness” that are not

compatible with statistical analysis N
N 2-Many variables ] ]
IR N I I S
I10 >

125 78 M K37

vt I'Ma"”y 245 13 F M61.2
recoras 278 24 M 141
324 65 F 148

350 34 F F20.2

— /
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Data aggregation, example 1.

suppression repeated measurements (1)

(
Potassium:
‘_
(123 Potassium _/\
123 1 Potassium 4 Stay< 0 "time
\__123 .. J n°123 ) Sodium:
(123 0 Sodium 140 I
| 123 o
(528 0 Potassium 32 | . 0 time
(
| 528 _ Potassium:
Several parameters may be measured n‘i‘:t;‘sl< _—
several times during a given inpatient stay. R
=> One curve per {id_patient*parameter} _ 0 time
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Data aggregation, example 1.

suppression repeated measurements (2)

= Objective: 1 table with 1 row per stay
= Example of simple transformation (without a priori knowledge):

(" Potassium:
Stay {0 "time
n°123

Sodium.Min
Sodium.Max

Potassium.Max

. 0 :time
123

528

NEsdll Potassium.Min

oo O0o
o
N
H
w
o
H
N
N

Stay 4
n°528

. 0 :time
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Data aggregation, example 1.

suppression repeated measurements (3)

= Another example of transformation, with knowledge

= Uses the range of normal values according to the parameters,
summarizes the anomalies
( Potassium:

Stay ] o "time
n°123< :

Hypokalemia

Hyperkalemia
Hyponatremia

=3 Hypernatremia

. 0 time 123 1 0
r M
‘Potassmm. 5208 0 0

Z
>

NA

Stay d s
n°528 ) ... T S
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Data aggregation, example 2:
case study: hernia codes

Id stay Procedure.wording

123 LMMCO004 Bilateral treatment of inguinal hernia without
prosthesis, by video surgery
123 GLHFO001 Arterial blood collection for blood gas and pH
sampling
528 LMMCO020 Treatment of abdominal hernia with
prosthesis, by laparoscopy
528 ZZBQ002 Thorax radiography

Each stay may have 0, 1 or several procedures. The terminology used
(CCAM) has more than 5,000 possible codes. In this case, we only interest
on hernia treatment.
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Data aggregation, example 2:

case study: hernia codes

L _

) (&) ©

(b © CT)

5|2 5

123 LMMCO004 S| & o

S | - I
528 LMMCO020 . .

w 123  Inguinal O Videosurgery 1

528 Abdominal 1 Laparoscopy O

New qualitative variables are created:

*Each variable has few possible values

*A mapping is necessary (with overlaps)

*Requires a strong medical knowledge about codes
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Data aggregation, example 2:

case study: hernia codes

= Example of mapping
used for hernia

= FROM (raw data):
= 18 codes

= TO (information):
= Type (n=3)
= Prosthesis (n=2)
= Approach (n=6)
= Bilateral (n=2)

2016-06-09

Hernia code type prosthesis approach bilateral
LMMAO009 abdominal 0 direct 0
LMMAO14 abdominal 0 direct 0
LMMCO020 abdominal 1 laparoscopy 0
LMMAO19 inguinal 0 inguinal 1
LMMAOQ18 inguinal 0 inguinal 1
LMMAOQ16 inguinal 0 inguinal 0
LMMAO17 inguinal 0 inguinal 0
LMMCO003 inguinal 0 videosurgery 0
LMMC004 inguinal 0 videosurgery 1
LMMAOQO6 inguinal 1 direct 0
LMMAOQO1 inguinal 1 inguinal 1
LMMAOQ12 inguinal 1 inguinal 0
LMMAQO02 inguinal 1 other 1
LMMAOQO08 inguinal 1 other 0
LMMCO002 inguinal 1 videosurgery 0
LMMCO001 inguinal 1 videosurgery 1
LMMAO11 other 0 inguinal 0
LLMAOQOQ7 other 0 laparotomy 0
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mars 2013
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ldea and Software design:
E Chazard, M Genty & G Ficheur

Data analysis & software development:
E Chazard
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Controlling the inpatient length

of stay: why and how?

= Unanimous desire to control the length of stay (LOS):
= Understanding determinants
= Decrease the LOS (costs a lot!)
= Complex and expensive exist and partially address the issue (e.qg.
clinical pathways)
= But predicting the LOS could enable to reduce it:

Tue Wed Thu Fri Sat Sun Mon

Mrs Dupont LOS=2d
Mr Martin ] LOS=3j+2j=5]
_____MrMartin } Los=sd:
P s (| - ECONOMy: 2 days
] Mr Martin ’ No transfer
| | - Less employees WE
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Objectives of this work

= Principaux :

= |dentifier des facteurs connus avant
I’lhospitalisation permettant de prédire la DS dans
certaines pathologies fréquentes

= Développer une application d’aide a la
planification des admissions programmeées, pour
éviter que la date ideale de sortie tombe le week-

end

s Secondaire :

= Prédire le jour de sortie d'un patient déja
hospitalisé, par exemple en urgence
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Material and methods

Data-Management, ™ Learning phase:

Administrative . Machine learning, = Medical billing database
database Expert reorganization (PMSI, n=17.1069):
J = Demographic information

=« Encoded diagnoses (ICD10)
=« Encoded procedures (CCAM)

= Machine learning procedures
= EXxpert reorganization
= => rules for LOS prediction

= Development of a web-based

Rules for LOS
prediction

Caractéristiques du patient
1 A
New patient 5 =
— Care

information interface:
= To be used by a secretary
Web-based interface = Decision support for non-
o for secretaries urgent hospitalization
Decision < | Schedullng

2016-06-09 E Chazard - Data reuse of big data from electronic health records



Result: use case

= First scenario (April 15Y)

2016-06-09

Physician:
Please contact the patients of May to schedule their
hospitalization. Here are their medical information.

Secretary:
Sir, yes Sir!

Physician:

Please pay attention: there will be no discharge during the
weekend. Make sure the patients will be ready to go home
before or after the weekend, not during the weekend.

Secretary:
I'll find the best admission day on the website. I'll start with Mr
Dupont, 62 years old. [she connects to website]

E Chazard - Data reuse of big data from electronic health records



Boite de réceptic = Planifadrission. =

« = C www.cefimis.com

Prédiction des durées de séjour

Choisissez un fichier :
Fichier de régles généré sur la Base Mationale MCO 2010

@ Fichier de régles de I'établissement 530000001, généré en juin 2012.

| Démarrer |

Démonstration ilimitée et gratuite de Planifadmission. cefimis.com.
Planifadmission.cefimis.com peut étre personnalisé selon vos besoins.

E Chazard - Data reuse of big data from

Step 1: choose
the database




Boite de réceptic x Planifadmission

- c www.cefimis.com

Prédiction des durées de séjour

Step 2: choose
the admission
ground

big data from




Planifadmission.cefimis.com

Boite de réceptic X Planifadrission. =

€ C www.cefimis.com

Prédiction des durées de séjour

Age
Occlusion ou gangréne : nan oui

Opération le jour de l'admission : non oui
FPose de prothése : nan oui

Chirurgien - | Chaisir... |E|

| Continuer |

Démonstration ilimitée et gratuite de Planifadmission. cefimis.com.

Planifadmission.cefimis.com peut &tre personnalisé selon vos besoins.

Retour o
au début

E Chazard - Data reuse of big data from

Step 3: fill a very short
form.

I\ This page Is
contextualized: display
a short list of
discriminating
guestions. The
guestions vary based
on statistics results.




Boite de réceptic X Planifadrission. =

€ C www.cefimis.com

Prédiction des durées de séjour

Age B2
Occlusion ou gangréne - @ non oui

Opération le jour de l'admission : @ non oui
Pose de prothése - @ nan oui

Chirurgien : | Docteur 05 |E|

| Continuer |

Démonstration ilimitée et gratuite de Planifadmission. cefimis.com.

Planifadmission.cefimis.com peut &tre personnalisé selon vos besoins.

Retour o
au début

E Chazard - Data reuse of big data from

Step 3: fill a very short
form.

I\ This page Is
contextualized: display
a short list of
discriminating
guestions. The
guestions vary based
on statistics results.




=

Planifadmission. cefimis.com

Durée de séjour prédite

Ce patient restera le plus vraissemblablement :
4 journées (probabilité de 25.4%)
ou 5 journées (probabilité de 28.7%)
ou 6 journées (probabilité de 24.9%)

Planification de I'admission

Ce patient est déja hospitalisé ?

Dans le calendrier ci-dessous, le nombre a droite d'une date indique

le nombre de jours perdus si cette date est proposée pour I'admission.
Choisissez la date avec un nombre le plus proche possible de zéro.

En cliguant sur une date d'admission, vous pourrez voir les jours probables
de sortie.

avril 2013

j+0
j*1
j+2
j+3
j+4

j+5

mai 2013

j+6
+7
j+8
j+9

j+10 dimanche 5

ved A

5 Chazard - Dat

dimanche 28

mercredi 1 Féte du Travait

0.4
0.4
0.4
0.4
0.6
09

0.9

0.5
07

N

of big data

Result: a prediction
of the LOS, and the
number of
potentially lost days.
Simply choose
green dates!




Planifadmission. cefimis.com
<« Cc 127.0.0.1

Durée de séjour prédite

Ce patient restera le plus vraissemblablement :

4 journées (probabilté de 25.4%) The prediction takes

ou 5 journées (probabilité de 28.7%)

ou 6 journées (probabilité de 24.9%) |ega| hOlidayS INnto
account.

Planification de I'admission

&7

Ce patient est deja hospitali
sle calendrier ci-de s0US, le nornbre a Lirone d une drﬂe |r|d|que

de sortie.

j+4  lundi 29 0.6 -l
j*5  mardi 30 0.9 J
maij 2013

j+8  mercredi 1 Féte du Travait  [0.9

+7 e . 0.5

j+8 redi 3 a7

j+9 |samedi: N

i+10 Gimanches I

+11  lundi 6 09

j+12 mardi 7 09

[+13 mercredi 8 8 mai 1945

[+14  Jeudi 9 Jewdi de rAscencion

j+15

i+16




Q
-

0.8

0.6

0.2

0.0

ldentification of subgroups of

patients with different LOS

= Example here: 6 groups of patients

\—\ I— ooooo
-------- |
____________ |
p— --| (-3 - o o o
‘\_\_\;l_
[ [ [ [
2 4 6 8 0 I I
Survival durves LOS distribution
(right = high LOS) (right = high LOS)

2016-06-09
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Results: use case, to be

continued

= The admission has been scheduled on Friday
May 10,
= But on Monday May 6™:

= Physician:
Do you remember Mr Dupont? There was a problem.
He was admitted this morning due to an occlusion. |
operated him urgently. He is OK. Could you plan his

discharge?

= Secretary:
I'll do it with the website. If he has to stay during the

weekend, we’ll transfer him to the “complete stay”
unit. [she connects to the website]

2016-06-09 E Chazard - Data reuse of big data from electronic health records



—
€« > C 127.0.0.1 N =

Planifadmission.cefimis.com x

Prédiction des durées de séjour

Caractéristigues du patien

Age 62
Occlusion ou gangréne : < non © oui

She uses the same
form, with different
answers.

Caractéristiques de ['acte

Opération le jour de 'admission - © non & oui
Pose de prothése : * non © oui

ntexte de réalis

urgien - | Docteur Uﬂj
Continuer

Chir

Démonstration illimitée et gratuite de Planifadmission_ cefimis.com
Flanifadmission_cefimis.com peut &tre personnalisé selon vos besoins

# ©




WA
&« & 127.0.0.1

Planifadmission.cefimis.com x

Durée de séjour prédite

Ce patient restera le plus vraissemblablement -
3 journées (probabilité de 23.5%)
ou 4 journées (probabilité de 17.6%)

The LOS prediction is
different.

BUT the patient has
already been
hospitalized...

Planification de I'admission

Ce patient est déja hospitalisé ? Prévoyez sa sortie probable en cliquant ici.
Dans le calendrier ci-dessous, le nombre a droite d'une date indique

le nombre de jours perdus si cette date est proposée pour I'admission.
Choisissez la date avec un nombre le plus proche possible de zéro.

En cliguant sur une date d'admission, vous pourrez voir les jours probables
de sortie.

j#11 lundi6 a = Click here!
#12 mardi 7 0.9

j+13 mercredi 8 & mai 1945 0.8 J
j+14  Jeudi 9 Jsudi de rascencion -

j+15 wendredi 10 05

j+16 samedi 11 0.2

j+17 dimanche 12 0.2

j+18 lundi 13 045

+19 mardi 14 08

j+20 mercredi 15 08

[+21  jeudi 16 14

j+22 wvendredi 17 09

j+23 samedi 18 0.5

j+24 dimanche 19 03 B
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P TETT

_
& (& 127.0.0.1 =

Planifadmission.cefimis.com  x

Ce patient restera le plus vraissemblablement :
3 journées (probabilité de 23.5%)
ou 4 journées (probabilité de 17.6%)

Ce patient n'est pas encore hospitalisé ? Choisissez le meilleur jour
d'admission en cliqguant ici.

Prévision du jour de sortie

Le calendrier ci-dessous indigue les jours de sortie probables de votre
patient, hospitalisé le lundi 6 mai 2013

mai 2013 =

j+0  lundi 6 0%

j+1 mardi 7 5.9%

j+2  mercredi 8 & msi 1945 59% N

i3 jeudi 9 Jeudi ce tascencion 23 5% I

j+4  wvendredi 10 17.6% =

5 Samedi 8% W Probable days of
j+G dimanche 12 11.6% H '

j+7 lundi13 5.9% dISCharge

i+8 mardi 14 0% (red:weekend’
9 mercredi 15 0% .

j+10 jeudi 16 5.9% Orange:Frlday)
j+11 vendredi 17 0%

i+12 samedi 18 50% 0

Changer le jour d'admission

Vous pouvez relancer la simulation ci-dessus depuis un autre jour
d'admission

en cliguant sur le jour correspondant ci-dessous.

4|E Chazard - Data reuse of big data from
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Planifadmission. cefimis.com

€« Cc 127.0.0.1
Changer le jour d'admission

¢ enrouge © aujourd'hui
- la date d'entrée utilisée pour la simulation ci-dessus

Another admission date
can be easily chosen.

mars 2013
Lu Ma Me Je

_4

vril 2013
Lu Ma Me Je

29 30

mai 2013

1

20

o)
T
A




Boite de réception (1 460) = Planifadmission.cefimis.ci

€« c www.cefimis.com

Régle n°001 :
pas de Opération le jour de I'admission

Chirurgien € {Docteur 01 ; Docteur 02 ; Docteur 04 ; Docteur 05 ; Docteur
06 ; Docteur 07 ; }

Cette régle cible 9.8 % de l'echantillon d'apprentissage. Durée moyenne de séjour de ce groupe de
patients : 5.4 jours.

Le graphique ci-dessous représente les courbes de survie. Une courbe de survie représente la probabilité
d'étre encore hospitalisé au moins au-dela d'une certaine durée. La courbe rouge représente le groupe de
patients ciblés par la régle. Les pointillés indiquent lintervalle de confiance de la courbe. La courbe noire
représente l'ensemble des patients. Plus une courbe est décalée vers la droite (ou reste en hauteur). plus
les durées de séjour sont élevées.

Ci-dessous, un diagramme en batons représente en Y la probabilité quun patient de ce groupe reste X
jours.

Ces probabilités sont représentées dans le tableau ci-dessous (en gras : les durées les plus probables).

3 5%
=4 254 %
=5 287 %
=6 249 %

7 5.5 %

8 5.5 %

9 22%

10 1.1%

12 0.6 %

13 1.1%

‘JnE r‘glna‘;grlg i n@n%tﬁf!nﬁ“r§|§q(%£rpllrgq dn%’traﬁt E’:-QQLHH charne -

Pour chaque regle, on peut
obtenir plus de détails

Courbes de survie

Détails sur la prédiction




Formulaire Hernies
des cliniques

Boite de x Planifar x

«>C

www.cefimis.com

Prédiction des durées de séjour

Age : 62

Occlusion ou gangréne : @ non oul

Opération le jour de l'admission - @ non oui

Pose de prothése - @ nan oui

Chirurgien : | Docteur 05 |Z|

| Continuer |

Formulaire Hernies
Base Nationale

Boite de x Planifar x

- e www.cefimis.com

Prédiction des durées de séjour

Ocelusion ou gangréne : non ouli

ESPIC  [+]

Intervention le jour de l'admission : nan oul

Statut de 'établissement :

Acte bilatéral non oui
Voie opératoire :

Vidéochirurgie E

| Continuer |

Formulaire PTH
Base Nationale

Boite de x Planifar =

& (& www.cefimis.com

Prédiction des durées de séjour
ﬁ\ge :
Statut établissement - | ESPIC |Z|

Présence d'un cancer : non oui
Trouble du rythme cardiague : non oui

Matif de la PTH - | traumatisme récent |Z|

| Continuer |




Groupes de patients identifies : exemple

des hernies dans le groupe de cliniques

= Résultats : exemple du groupe 6 (DS maximales)
= Effectif: 181 patients (sur les 1845 initiaux)
= Durée de séjour obtenue : 5.4 jours (contre 2.5 jours sur I'ensemble)

= Criteres de sélection :
» Opération un autre jour que le jour d’entrée
« ET praticien sur une liste restreinte de cing (sur les 26 de la région)

1.0

0.8

0.6

0.4

0.2

0.0

o 2 4 6 8 o . 345 8ETED 12
Courbes de survie (groupe identifié Durées de séjour observées
en rouge, tous les patients en noir) (abscisse : durée, ordonnée : probabilité)
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Groupes de patients identifies : exemple

des hernies dans le groupe de cliniques

= Résultats : exemple du groupe 1 (DS minimales)
= Effectif : 977 patients (sur les 1845 initiaux)
= Durée de séjour obtenue : 1.26 jours (contre 2.5 jours sur 'ensemble)
= Critéres de sélection :
» Opération le jour de 'admission
« ET hernie sans occlusion ni gangrene

« ET praticien sur une liste restreinte de neuf (sur les 26 de la région)
« ET pas de pose de prothese

1.0
0.8

0.8
1

0.6

0.6
1

04

0.4

0.2

0.2

0.0
1

..
0 2 4 6 8 10 i ‘z ; Jt ; :s
Courbes de survie (groupe identifié Durées de séjour observées

en rouge, tous les patients en noir) (abscisse : durée, ordonnée : probabilité)

0.0
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Example 2: adverse drug
events detection and

prevention by analyzing
past hospital stays

Data collection:
Denain General Hospital (Fr)
Region Hovedstaden Hospitals (DK)

Research Project: .\
PSIP european project @P
Funded by the European Research Council

Ll
“erc
i
e tnesy SEVENTH FRAMEWORK
. PROGRAMME
q

Coordinator: R Beuscart
] ] " Université Lille 2
Data analysis & software design: ' Droit et Santé
E Chazard
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Adverse drug events

= ADEs = Adverse Drug Events

= Several definitions. Institute of Medicine (2007):
= “An injury resulting from the use of a drug”

= “An injury due to medication management
rather than the underlying condition of the patient”

= Epidemiological data:

= 98,000 deaths per year in the US

= An ADE would occur in 5-9% of inpatient stays
= Two fields of research:

= Retrospective ADE detection

= Prospective prevention of ADEs by CDSS (clinical decision support
systems)
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Which methods for

retrospective ADE detection ?

= Reporting systems:
= Based on spontaneous case reports

= Mandatory, but underreporting bias:
less than 5% cases are declared!

= EXxpert-operated chart reviews
= Reference method, expert validation

= Time consuming: 30 min per case, and some
ADEs are very rare...

= Objective: using data reuse & data mining to:
= Automatically identify past ADE cases
= Generate ADE detection rules
= Computing probabilities of occurrence
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Retrospective detection of ADEs

= Retrospective
identification of
past ADES,
although no
explicit signal
exists in the
data
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Prospective prevention of ADES

Changeofthedrug g Alert
prescription gener ation,

= ” \\~ before the
%0<>. = %&Q‘ Alert method ADE occurs,
2 2\ / in order to

revent it.
Inpatient ftay / P

BB >yital information system
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Administrative data
88 years old woman

[10  Arterial hypertension

Z8671 Personal history of myocardial
ischemia

1620 Non-traumatic subdural
hemorrhage

Medical procedures

ABJA002 Drainage of an acute
subdural hemorrhage, by

craniotomy
FELFOO1 Transfusion

Free-text reports

letter

DischargeJ

Surgical reportJ

Acetaminopheilll L
VKA —

Vitamin K

Statin

Red blood cells




Avallable data: ~155,000 inpatient

stays from 6 hospitals (F, Dk, Bu)

Administrative data 1 ¥_>
\i Medical procedures W {

ABJAO002 Drainage of an acute
110

/
2867 L Drugs

FELFC

Acetamin

I620¥ VKA Laboratory results
¥ A
- Vitamin I
DIT; Statin | INR - 1=
Hemo-
\_
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Data mining and expert

validation => detection rules

= Example of target adverse drug event:
= hyperkalemia (HyperK+)
= Defined by K+>5.3 in a blood sample
= Risk of lethal heart rhythm troubles

= Example of 2 rules:

= Statin & no hypoalbmunemia & inflammation
-~ HyperkK+

= Angiotensin conversion enzyme inhibitor
& potassium - HyperK+

s In total, 236 validated rules
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Artificial intelligence

Example of decision tree (1)

= VKA= vitamin K
antagonists
(anticoagulant)

 INR=
International
normalized ratio.
Evaluates VKA
activity

s INR>5 => risk of
hemorrhage

s The tree

attempts to
explain INR>5
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Artificial intelligence

Example of decision tree (2)

Two of the rules are useful to predict a risk of hemorrhage

1. VKA

& butyrophenone discontinuation
-> P=0.4

> VKA 4

& no butyrophenone discontinuation
& hypoalbuminemia
- P=0.5
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Artificial intelligence

Example of decision tree (3)

Albumine = plasmatic protein to which VKA bind. Only the non-bound
part is biologically active.

v Serum albumin O VKA

Normal state: Hypoalbuminemia:

99% of the VKA bind to albumin. decrease of the bound fraction,

Only 1% of VKA are biologically active. increase of the non-bound fraction

The intake is based on it. => too high INR (with constant intake)
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Evaluation of the

ADE retrospective detection

= Complete 2010 year of one hospital

= Number of stays : 14,747
= Number of hyperkalemia cases : 117 (7.93%0) = exhaustive review
EXxperts
ADE Not ADE
ADE ADE 39 36 52.0%
Scorecards] Not ADE 2 40
\/
95.1%
= Result

= Precision 39/75= 52.0%
= Recall 39/41= 95.1%
= Harmonic mean 67.2%
= Number of reported cases 0/41= 0%
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For each ADE detection rule, contextualized

statistics are computed Iin each setting

Rule: vitamin K antagonist & amoxicilline&clav.ac. & age =2 70 — appearance of high INR (INR=5)

Department |Confidence (PPY)|Support {(frequency)|Median delay|Relative risk|Fisher's test P value

X all dpts 10/57=17.5% 10/5322=1.9%p0 6.5] 13.38

R e e B ¥ T AOE S T A = oA R Einl=

Comment:

® oo pénicillines augmentent le risque hémorragique sous AKK,

® e sugmentation de Mactivité des anti-vitamine K peut 8tre observée chez los patients traités par pénicillines. Le risque hémorragique est acorud,
Ref » thésaurus TAM-AFSSAPS juin 2009,

® £y cas de prise de pénicillines, Iz posologie des AKX sers adaptée et la surveillznce cinigue et biologique accrue.
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Overview of ADE detection rules

Kind of Outcome # Rules
Coagulation disorders

Hemorrhage (detected by the administration of haemostatic) 7
Heparin overdose (activated partial thromboplastin time>1.23) 5
VKA overdose (INR>4.9 or administration of vitamin K) 59
Thrombopenia (count<75,000) 24
Other coagulation disorders 23

lonic and renal disorders

Hyperkalemia (K*>5.3 mmol/l) 63
Renal failure (creatinine>135 pumol/l or urea>8 mmol/l) 8
Other ionic disorders 4
Miscellaneous

Anemia (Hb<10g/dl) 2
Bacterial infection (detected by the administration of antibiotic) 4
Diarrhea (detected by the administration of an anti-diarrheal) 2
Fungal infection (detected by the administration of an antifungal) 10
Hepatic cholestasis (alk. Phos.>240 Ul/I or bilirubins>22 pmol/l) 3
Hepatic cytolysis (ala. trans.>110 U/l or asp. trans.>110 UI/I) 4
Hypereosinophilia (eosinophilocytes>10%1) 4
High level of pancreatic enzymes (amylase>90 Ul/I or lipase>90 Ul/I) 7
Neutropenia (count<1,500/mm?®) 2
Others 5
Total 236
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The ADE Scorecards, a web-

based tool for ADE detection
and visualization

2016-06-09



The “ADE Scorecards’

General procedure

Databases of ADE detection rules

Inpatient stays

|dentification of
potential ADE cases

Statistics computation

Data Mining &
expert Lo
validation Tool for [==

comprehensive |
visualization: the ADE|
Scorecards —
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2) PSIP - Scorecards Connection Page - Mozilla Firefox

Fichier Edition Affichage Historique Marque-pages Outils 7
6 - c A Hr W i httpffexpert-explorer . eufscorecards T '-'lv Faculké de médecine ile ;-

J i’ PSIP - Scorecards Connection Pageﬁ | ﬂ satisfaisant - Dictionnaire Francais-angl... | + ‘ s

Scorecards / Tableaux de Bord

|HDSpitEl|,-"HDpitEl| V|

|Department,"59rvin:e V|

|Pa55wurd,-"rv1cutde passe |

[ Connection / Connexion ]

Terming ﬁ) Ao E

BB Microsoft... * 5, Anna ...



ou are loghed as: expert 2

English | Pririt Cortact  Disconnect @

Edit detailed statistics

Analysiz period

jan-naow 2010 |+

Detected effects

Selectall

D anemia [Hib=10g/dl) (34
|:| biological pancreatitiz (amyla=se=90 U or lipase=90 LI ()

D fungal infection (detected by prescription of a systemic antifungal)
(21]

D hemorrhage (detected by & prescrigtion of hemostatic) (27

|:| hepatic cytolysis (alanine transa =110 or aspartate transa.=110)
(13

¥ high & CPK rate (CPR=195 LA (5)
D hyperkalemia (K+=5.3) (99)

Deselectall

[ hyponstremis (Ma+<1 300 (5)

D mycosis (detected by the prescription of local antifungal) (17
D neutropenia [count=1:3000mm3) (2)

|:| renal failure [creat =135 micromolL or ures=16.6 mmalL] (111)
D thrombopenia (count=75,0007 (1)

[ oo high INR=4.3) (5]

Generate Scorecards

Synthesis

Number of stays with adverse events

[ Deselect all ][ Selectall Jan | Feb | Mar | Apr | May [ Jun | Jul | Aug | Sep | Oct | Hov | Dec
A netmis (Hi=1 Dol 2 3 4 4 3 2 2 3 B = 0
Biological pancrestitis (amylase=90 UIA o
lipase=90 L) 0 0 ! ! ! ! ! 0 ! 0 0
Fungal infection (detected by prescription 5 5 5 5 5 0 1 1 5 5 0

of & systemic antifungal)




Number of stays with adverse events

l Deselact all ” Selectall ] Jan | Feb | Mar | Apr | May [ Jun | Jul | Aug | Sep | Oct | How | Dec
Anemiza (Hbo=10gdl) 2 3 4 4 3 2 2 3 = = 0
Biological pancreatitiz (amylase=90 LI or
lipaze=30 LI 0 0 1 1 1 1 1 0 1 0 0
Fungal infection (detected by prescription
of a systemic antifungsal) E e c c c g L L g c g
Hemorthage (detected by & prescription of
hemostatic) 2 0 2 2 4 5 4 2 2 2 2
Hepatic cytolyzsis (alanine transa.=110 or
azpartate tranza =110 0 1 1 3 1 1 4 0 4 0 0
High & CPK rate (CPR=195 LAY 0 0 0 0 4 1 0 a 1] 0 0
Hyperkalemia (K+=5.3) g 10 12 g 11 15 7 10 11 G 0
Hyponatremia (Ma+=130) 1 0 0 2 1 0 0 0 1 0 0
Mycozis (detected by the prescription of
local antifuncal) g g g g g L g 0 g g g
Meutropenia [count=13500/mm3) ] ] 1 ] ] ] ] 0 1 ] ]
Renal failure (creat. =135 micromallL or
Ures=16.5 mmeali) 10 11 13 10 16 14 g g 10 11 0
Thrombopenia (count=75 0007 ] ] ] ] ] ] ] 1 0 ] ]
Toa high INR=4 .5) 0 1 0 0 2 1 2 1] 1] 0 0
Hunber of detected cases by effect and by nonth
...............
_______________
________________________________

Har=

v

(Y

/

Hov—-

Dec—-




ou are logged as; expert 2 Review cases

Synthesiz Englizh % Prirt Contact

Dizconnect -@

Hyperkalemia (K+>5.3)

Characteristics of identified stays, all the rules together

Data from the coded diagnostics

Effective 65
Average age 75
Men - Women 42% - 5B%
Deaths 15%

Number of cases per month

15 T —
13 T —

LT |

Jan Febk Mar Apr Mag Jurn Jul Aua Sep Oct Mow Dec

Adverse events occurred under the above conditions.

Cancers
Cardiomyopathies

Renal insuficiency
Hepatic insufficiency
Respiratory insufficiency

Alcoholism

Histogram of appearance delay

25%
60%
20%
8%
%
6%

| —

)

-
1
L]
-
=

7-4 10-12 13-15 16-15 19-21

Mumber of cases

Conditions leading to Hyperkalemia (K+>5.3)

confidence ; median delay

11 HMWH can induce hyperkaliemia, specially with renal

insufficiency.

- e =m . e mE= = mea e

(]




Number of cases
confidence ; median delay

Conditions leading to Hyperkalemia (K+>5.3)

(1) LMWH can induce hyperkaliemia, specially with renal 5
insufficiency. =
Renal fallure & Low welight heparin & Age <70 17% ; 4.5]

(2) HMWH can induce hyperkaliemia, specially with ACE inhibitors 2
and renal insufficiency. =
Renal fallure & High welght heparin & Anglotensin conversion enzyme inhibitor 13% ; 2

(3) The suspension of some laxatives may reveal hyperkalemia. 1
Renal fallure & Suspension of other laxative & Hepatic cholestasis 34% ; 2

(4) The suspension of propulsive laxative may reveal hyperkalemia. 1
Renal fallure & Propulsive laxative 34% ; 2

(5) Angiotensin-converting enzyme and sartans may cause 3
hyperkalemia. =
Renal fallure & Anglotensin conversion enzyme Inhibitor & Opiloid 1M1%; 2

(6) The suspension of potassium lowering diuretic may reveal 5
hyperkalemia. =
Renal fallure & Suspension of potassium lowering diuretic & 1M1% ;3

(7) The suspension of aminoglycoside may reveal hyperkalemia. 1
Renal fallure & Suspenslon of aminoglycoside 17% ; 15]

(8) Prescription of nonsteroidal anti-inflammatory drugs may cause 1
hyperkalemia. -
Renal fallure & NSAI & 50% ;1]

GLOBAL 65

Confidence (a%:): percentage of stays for which the effect occurs among the stays meeting the conditions.
Median delay: from the moment when all conditions of the rule are met, pericd from which over 30% of effects will be appeared.

Details of rules

[1] HMWH can incduce hyperkaliemia, specially with renal insufficiency.




Details of rules

[1] HMWH can induce hyperkaliemia, specially with renal insufficiency.
Renal failure & High weight heparin — Hyperkalemia (K+=5.3)

Somes aldosteronism or metabolic acidosis cases have been described with heparins. The risk is increased
incase of a kidney insufficiency.
Ref. : Martindale -The complete drug reference- 3déeme ed, The Pharmaceutical Press, London 2005 927-31.

In case of a high molecular weight heparin treatment, the dosage has to be adapted and the clinical and
biological monitoring have to be increased.

ts

TOP

[2] HMWH can induce hyperkaliemia, specially with diabetic patients and renal
insufficiency.

Renal failure & High weight heparin & Diabetes — Hyperkalemia (K+=5.3)

Somes aldosteronism or metabolic acidosis cases have been described with heparins. The risk is increased
in case of diabetes and renal insufficiency.
Ref. : Martindale -The complete drug reference- 3déeme ed, The Fharmaceutical Press, London 2005 827-31.

In case of an high molecular weight heparin treatment, the dosage has to be adapted and the clinical and
biological monitoring have to be increased.

ts

TOP

[3] HMWH can induce hyperkaliemia, specially with ACE inhibitors and renal insufficiency.
Renal failure & High weight heparin & Angiotensin comversion enzyme inhibitor — Hyperkalemia (K+=5.3)
Somes aldosteronism or metabolic acidosis cases have been described with heparins. The risk is increased

in case of an angiotensin-converting enzyme inhibitor treatment and renal insufficiency.




Number of cases
confidence ; median delay

Conditions leading to Hyperkalemia (K+>5.3)

(1) LMWH can induce hyperkaliemia, specially with renal
insufficiency.
Renal fallure & Low welight heparin & Age <70 17% ; 4.5]
(2) HMWH can induce hyperkaliemia, specially with ACE inhibitors

2

. . 2
and renal insufficiency. =
Renal fallure & High welght heparin & Anglotensin conversion enzyme inhibitor 13% ; 2

(3) The suspension of some laxatives mai:"ayazl biinagl-alamia -

Renal fallure & Suspenslon of other laxative & Heg

(4) The suspension of propulsive laxativ(
Renal fallure & Propulsive laxative
(5) Angiotensin-converting enzyme and ¢

hyperkalemia. July 2010 (0 cases):

Renal fallure & Anglotensin conversion enzyme In

(6) The suspension of potassium lowerir|| June 2010 (1 cases):
hyperkalemia.

s . .
Renal fallure & Suspenslon of potassium lowering '//////M' View Stay details

(7) The suspension of aminoglycoside m
Renal fallure & Suspenslon of aminoglycoside

(8) Prescription of nonsteroidal anti-infla AL LSS ATonns Crase Aataile
hyperkalemia.

Renal fallure & NSAI &

Angiotensin-converting enzyme and sartans may
cause hyperkalemia.

May 2010 (2 cases):

| Close )

GLOBAL 65

Confidence (a%:): percentage of stays for which the effect occurs among the stays meeting the conditions.
Median delay: from the moment when all conditions of the rule are met, pericd from which over 30% of effects will be appeared.

Details of rules

[1] HMWH can incduce hyperkaliemia, specially with renal insufficiency.
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CO10 2
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C10A203

JO1DAZ3

MOBCA02

YOIAED

Drug name

1000 ml POLYIONIGQUE G5 + POTASSIUM CHL A +
SPASFOM SOL M

IMIPORP 20 MG, CPR (YOIR INERILI 20

FORLAX 10G POR ORALE SACHET PR SOL BLIY
[IMODIUIM 200G GELULE YERT FOMCE ET VERT CLAIR
TIORFAM 100MG GELULE BLEW CLAIR ET BLEL FOMCE
MO 30 FLEXPEM 100 LML, SUSE I, STYLO 3 ML
FALECRID 1000MG LP CPR ENR

FARDEGIC 75 MG, PDR PR SOL BLY, SACHET
CORVASAL 4MG CPR SECABLE BLAMC

ATEMOLOL 50 MG ARROW, CPR

PRETERAX, CFR

ELISOR 20MG CPR SECABLE = PRAVASTATIMNE 20 MG
SAMDOL

OROKEM 200MG CPR PELLICULE (PRESCRIPTION
PAPIER OBLIGATOIRE AMTIBIC)

TAMAKAM 40MG CPR EMRE BRUMN ROUGE
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Showall  Hide all
[ 100 % L1 iwr Ol rroTices [ wom
D BT. |:| L D Froteinurie Glycosurie
1 comu O [ R O wy
[ e mMoNODCvYTES® L TCA ] e
ATC Drug name * 0 . 10 I L] ereat. L [1 roapatient [ mye
1000 mil POLYIONIGUE G5 + POTASSIUM CHL A + n [ ere MIELOEYTES®S [ rear [ e
SPASFON SOLIMJ O ce [ was L Temu ] pe
O ] rew O O
A02BCO2 INIPOMP 20 MG, CPR (WOIR INEXIUM 20 ) EEEEECE GGT. O Te0. Fn
F FE% O rer.
ADBADTS - — S rillionsim [T pHaL [ e
.":. = _ . 5 ¥ e I .
A07DAD Stay info - Mozilla Firefox = ] E|E| | HB g PLAR. [ ureeee
hittp:{ funen expert-explorer. eufstay_Frames_info_rule. php?HI et fect_scar 7/ HT FH%
ADTHADY
A104BO5 Rule info 1
A12BADN
hyperkalemia (K+:5.3) 0
BO1ACDE HMG Cos reductase inhibitar 8 NO hypoalburminernia & inflammation — byperkalernia (K+:5.2) -y O O o
09O 2 NO rendl falure & beta blocker — hyperkalemia (K+=5.3) .
SRR MO renal falure & angiotensin conversion engyme inhibitor — hyperkalemnia (K+:=5.2)
NO renal falure & potassium — hyperkalemia (K+:5.3)
CO9BAD4
]
104803 o - -~
Terming L O O
JO1DAZS QROKER 200MG CPR PELLICULE (FRESCRIPTION HECE 3.00
FAPIER OBLIGATOIRE ARMTIBID )
MNOBOX02 TAMNAKAN 40MG CPR ENR BRUN ROUGE "IN 1] MA
] 2 4
WO3AEDT KAYEXALATE 454G PDR PR SUSP BLVIRECT [ |
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ADYDADS

ADTRA04

A10ABDS

A12BA01

BO1ACOG

CO10 2

CO7ABO3

C09BA04

C10A203

JO1DAZ3

MOBCA02

YOIAED

) Stay info - Mozilla Firefox

htkp: e, expert-explorer.eufstay_Frames_info, 57
1000 ml POLYIOMIQUE

SPASFOM SOL M
[MIPORMP 20 MG, SRR (|

More information

FORLAX 10G PFDR ORA

Stay
Age 83
izender
Dieath
Length of stay

[MODILIN 200G GELULE

TIORFAMN 100MG GELL

MO 30 FLEXPERM

< |

KALEQRID 1000mG LF ¢

ICD10 Diagnoses
E119 - D.M.ID., SAMNS COMPLIC,
1251 - CARDIOPATHIE ARTERICSCLERELISE
110 - HYPERTEMSION ESSENTIELLE
ES760 -
M300 - CYSTITE AIG,

Bo61 - KLEBSIELLA PMELMOMIAE, CALISE DE MaL.
CLASSEES DAMS D'ALUTRES CHAP.

FARDEGIC 75 MG, PDR

CORVASAL 4MG CPR S

< |

ATEMOLOL 50 MG ARRI]

FRETERAX, CPR

ELISOR 20MG CPR SEQ
SAMDOL

OROKEM 200MG CPR A
PAPIER OBLIGATOIRE A

TAMAKAMN 40MG CPR E

< |

4

Terming
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) PSIP - Expert Explorer: St

Details - Mozilla Firefox

Fichier

G'CLJJJ“'/

i PSIP - Generating Scorecards

PSIP - Expert Explorer

0

Affichage bio & med

i+ PSIP Scorecards

Edition Affichage Historique Marque-pages  Outils 7

hittp: ffwe, expert-sxplorer  eufstay_details, phpthosp=18ctal e e e e Y =frascorecardstid_effe 57 -

i+ PSIP - Expert E:-cplurer:...ﬁ i~ htbp: v, e3¢ esortieR . bxk

2 Sans titre - Bloc-notes

Fichier Edition Format  Affichage 7

&
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L Sejour Etapes |

Type

This projectis funded by the European C

-+ Ewropean Commibssdon
- Information Socliety and Media

cher confrere,

nous Taissons sortir ce jour, @ @ @ @, nee e 8/68/8, @ @ @ @ @ @ @, hospitalisee
dans notre service du &/8/8 au @/8/8 pour diarrhees et wvomissements.

antecedents

sur le plan chirurgical

—appendicectomie

-cholecystectomie

-prothese totale de hanche gauche sur coxarthrose
-prolapsus en @ avec pose de pessaire
—-fysterectomie

sur le plan medical
—-dnid insulino-reguarant
-rgo

Examef-1t2

—dyslipidemie .
—cardiopathie ischemique
~hernie discale avec cruralgie.

histoire de Ta maladie

Ta patiente a ete adressee aux urgences du centre @ de & pour intolerance
alimentaire dans un contexte de diarrhees, wvomissements et febricule a 38°
depuis le @&/8,/8.

evoluant

examen clinigue

a son arrivee dans Te service, la patiente presentait un etat general relativement
conserve avec cependant une asthenie importante evoluant de facon chronigue, elle
presentait egalement une douleur Tombaire chronique.

i1 n'existait pas d'amaigrissement recent. Ta patiente etait apyretigue.

sur le plan cardiovasculaire, les constantes etaient bonnes avec une tension
arterieq12 a 10/8 et une frequence cardiague a 25. i1 n'existait pas de signe
fonctionnel cardiague. a T1'examen, on ne notait aucun signe d'insuffisance cardiaque
droite ou gauche.

1tauscultation etadit sans particularite avec des bruits du coeur reguliers, absence
de souffle cardiague ou wasculaire.

sur Te plan respiratoire, saturation a 95% en air ambiant, Ta patiente ne se
plaignait d'aucun signe fonctionnel respiratoire. T'auscultation etait sans
articularite, les murmures vesiculaires etaient bilateraux et symetriques sans
ruit surajoute.

'-'l = Faculké de médecine lille ). d

+ http:fiexpert.. fraid_hosp=1

L -
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J Documents i

2008-2011 PSIF Project

 [E3

hiktp: v expert-explarer, eufdisplay_File, php?dataset=denainéfilenama Iy
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Example 3: using

medical information tof

detect and correct
under-billing

ldea and Software design:
E Chazard, M Genty & G Ficheur

Data analysis & software development:
E Chazard
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Automated control of medical
encoding: introduction

= Objective:

= Use every available data to correct the human ad hoc
encoding => earn more money!

= Data to correct:

= Diagnostic codes
= Procedure codes

= Available data:
= Administrative and demographic data
= Drugs
» Laboratory results

Procedure codes (for diagnoses)

= Implantable medical devices

= Software developed for consultants

« Uses artificial intelligence to automatically learn associations
between those data types.
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I ruM du RSA

DP+ DR% IG52% Durées TypeUM1% Sup.1% Hbsup.1% TypeUM24 Sup.2%+ Hbsup.24+ Agegest.s

M170 2 5 ] 0oa a

B ACTES duRsa

Dates Code # Phases Activité$ Modif.$+ Ass.nonprév.® HNbréal.$ Date validité cptible$
MEKAD20 0 4
NEKADZ20
MFQKD01
MFQKD03
MZQKO03

ZBQKD02

I Molecules onereuses

Pas d'enregistrement

IDispositifs medicaux implantables

Année séjours Mois séjour$ Montant 4 i Année pose &

I Médicaments prescrits

Pas d'enregistrement
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des copier-coller pour réutiliser le texte automatique. Pour infermaticn, 'export de liste gérera bien les liens hypertexte.

Ce séjour devrait comporter un acte de la catégorie NFKADDS, NFKADDT, NFKADOS, NFKADODS
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17 Rappatrier le montant calculé :
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Prix avant Prix aprés
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INI |3833.75 €
EXH| 13945
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0€
0
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des copier-coller pour réutiliser le texte automatique. Pour infermaticn, 'export de liste gérera bien les liens hypertexte.
Ce séjour devrait comporter un acte de la catégorie NFKADDS, NFKADDT, NFKADOS, NFKADODS
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ons dage, utilisez le simulateur de groupage, puis cliguez sur le bouton pour rappatrier les valeurs obtenues. Ne commentez pas
ces chiffres dans le texte, ce sera fait sutomatiqguement.

Redigez un texte circonstancie fournissant un diagnostic, une consigne simple, et une simulstion de valeur. Seul ce texte sera présenté sur la liste de contrale

i utilisez
des copier-coller pour réutiliser le texte automatigue. Pour information, 'export de liste gérera bien les liens hypertexte.
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Ce séjour devrait comporter un acte de |z catégorie NFKAQDODG, NFKADOT, NFKADDS, NFKADODS
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Liste des séiours conservés pour le contréle

Séjours MCO 2014 février (2014-06-08 08:42:20)
Nombre de séjours présents sur cette liste : 35

Finess 1EP Gain potentiel
223.17 €
446.63 €
5643.75 €
4843.67 €
44348 ¢€
3805.74 €
3349.58 €
2398.9 €
2262.31 €
-2060.54 €
1712.34 €
1671.96 €
1527.62 €
1527.56 €
1475.87 €
1325.22 €
1318.35 €
1295.45 €
1184.06 €
1182.77 €
8995.41 €
850.74 €
827.44 €
479.35 €
170.6 €
612.6 €
0€
0€
0€
0€
0€
0€
1622.35 €
4500.43 €




Thank you for your attention

emmanuel.chazard@univ-lille2.fr



