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Data reuse of inpatient 

hospital records, data mining.
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Definition of Data reuse

(or data re-use)

 Traditional approaches (before data reuse):
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Scientific question.

e.g.: which factors are 

associated with vitamin 

K antagonists (VKA) 

overdoses?

Ad hoc retrospective or 

prospective study

Custom 

database

New 

knowledge

Statistical 
analysis

 Advantages:

 Simple and specific data 

collection

 Simple data analysis

 Answers accurately the initial 

question

 Drawbacks:

 Time-consuming

 Expensive

 Late results

 Often few records (low power)

 Data cemeteries



Definition of Data reuse

(or data re-use)
 Routine collection of transactional data:

 Reuse of the data:
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Routine, daily 

transactional activities, 

e.g. patient care
Transactional 

database4

 Advantages:

 Low-cost

 Fast results

 Data enhancement

 Amount of records => high statistical power

 Drawbacks:

 Often approximately 

answers the question

 Not easy, methodological 

issues

Scientific 

question (…)
Nearly-custom 

database

New 

knowledge

Statistical 
analysis

Daily feeding
and updating Transactional 

database 3

Transactional 

database 2

Transactional 

database 1

Data 
transformation



Data reuse in insurance 

companies…
 Routine activities:

 Reuse of the data:
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Transactional activities.

The company:

How much should 

Mr Smith pay for his 

car insurance?

Nearly-custom 

database

Model for predicting 

individual riskStatistical 
analysis

Daily feeding
and updating

Accidents database 

(outcomes)

Contributions 

data (incomes)

Demographic 

data

Data 
transformation

Recruits and follows customers

Banks insurance premiums

Pays out claims

Personalized 

insurance 

premiums

Decision



Data reuse in supermarket…

 Routine activities:

 Reuse of the data:
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Transactional activities:

How could we 

sell more roll-on 

deodorant to 

adult men?

Nearly-custom 

database Statistical 
analysis

Daily feeding
and updating

Sales 

receipts

Check-out (cash desks)

Fidelity cards Demographic 

information

Men who buy roll-on 

deodorant often

also buy razor blades

Decision

Place roll-on deodorant 

for men beside razor 

blades in the supermarket

Data 
transformation



Data reuse in health?

Probably under-realized today

 Routine activities:

 Reuse of the data:
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Transactional activities:

Are there adverse drug 

events?

Are the care procedures 

correctly applied?

May the Length of stay 

be predicted?
Nearly-custom 

database

New knowledge?Statistical 
analysis

Daily feeding
and updating

Laboratory 

results

Administered 

drugs

Demographic & 

administrative data

Data 
transformation

Administrative check-in

Drug prescriptions

Laboratory assessments

Billing
Diagnoses, 

procedures



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)
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Omics: few subjects, many variables

Public health: few 
variables, many subjects

Wearable devices?



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:

2016-06-09 E Chazard - Data reuse of big data from electronic health records 9

id age gender diagnosis

… … … …

id age gender diagnosis

123 23 M I10

125 78 M K37

245 13 F M61.2

278 24 M I41

324 65 F I48

350 34 F F20.2

1-Many 
records

…

…

…

…

…

…

…

…

2-Many variables

… … … …

… … … …

Id Par Val

123 K+ 4.5

123 K+ 4.8

123 K+ 5.2

3-Many possible values for 
qualitative variables

… … …

4-Many tables & 
relationships

5-Variables with 
repeated 

measurements
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Administrative data
88 years old woman

Diagnoses

I10 Arterial hypertension
Z8671 Personal history of myocardial 

ischemia
I620 Non-traumatic subdural 

hemorrhage

Medical procedures

ABJA002 Drainage of an acute 
subdural hemorrhage, by 
craniotomy

FELF001 Transfusion

Free-text reports

Discharge 
letter

Surgical report

Drugs

Laboratory results

Acetaminophene

VKA

Vitamin K

Statin

Red blood cells

INR

Hemo-
globin

ICD10 codes:
~39000 different codes
~3 per stay

CCAM codes:
~5500 different codes
~3 per stay

ATC codes (not the most detailed):
~3300 different codes
~25 drug*day per stay

Custom labels:
~100 frequent parameters
~100 measurements per stay



Challenges in data reuse

 Where is the secret of a successful data reuse?
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Scientific 

question

Nearly-custom 

database

ResultsStatistical 
analysis

Transactional 

database 3

Transactional 

database 2

Transactional 

database 1

Data transformation

Interpretation

Knowledge

Here? Not really…

Data mining techniques

( statistical methods) 

are used, but not 

specific.

Here? Partially…

Significant tests are nearly 

always observed in Big Data: 

correct the  risk, consider the 

effect size.

Here? Yes, mainly!

The decisions that 

are taken for the data 

transformation 

process have a 

critical effect.



id age gender diagnosis

… … … …

id age gender diagnosis

123 23 M I10

125 78 M K37

245 13 F M61.2

278 24 M I41

324 65 F I48

350 34 F F20.2

1-Many 
records

…

…

…

…

…

…

…

…

2-Many variables

… … … …

… … … …

Id Par Val

123 K+ 4.5

123 K+ 4.8

123 K+ 5.2

3-Many possible values for 
qualitative variables

… … … …

4-Many tables & 
relationships

5-Variables with 
repeated 

measurements

Data aggregation: what for?

 Mandatory before using statistical methods

 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
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Data aggregation, example 1:

suppression repeated measurements (1)
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Potassium:

time0

Id stay Date Parameter Value

123 0 Potassium 4

123 1 Potassium 4

123 … … …

123 0 Sodium 140

123 … … …

528 0 Potassium 3.2

528 … … …

Sodium:

time0

Potassium:

time0

Stay
n°123

Stay
n°528

Several parameters may be measured 
several times during a given inpatient stay.
=> One curve per {id_patient*parameter}



Data aggregation, example 1:

suppression repeated measurements (2)

 Objective: 1 table with 1 row per stay

 Example of simple transformation (without a priori knowledge):
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Potassium:

time0
Sodium:

time0

Potassium:

time0

Stay
n°123

Stay
n°528

Id
 s

ta
y

P
o

ta
s
s
iu

m
.M

in

P
o

ta
s
s
iu

m
.M

a
x

S
o

d
iu

m
.M

in

S
o

d
iu

m
.M

a
x

123 3.8 6.2 136 142

528 2.8 3.2 NA NA



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
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Id
 s

ta
y

H
y
p

e
rk

a
le

m
ia

H
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o
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a
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m
ia

H
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p

e
rn

a
tr

e
m
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H
y
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o
n

a
tr

e
m

ia

123 1 0 0 0

528 0 0 NA NA

Potassium:

time0
Sodium:

time0

Potassium:

time0

Stay
n°123

Stay
n°528



Data aggregation, example 2:

case study: hernia codes
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Id stay Procedure.code Procedure.wording

123 LMMC004 Bilateral treatment of inguinal hernia without 

prosthesis, by video surgery

123 GLHF001 Arterial blood collection for blood gas and pH 

sampling

528 LMMC020 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.



Data aggregation, example 2:

case study: hernia codes
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Id stay Procedure.code

123 LMMC004

123 GLHF001

528 LMMC020

123 ZZBQ002

New qualitative variables are created:
•Each variable has few possible values
•A mapping is necessary (with overlaps)
•Requires a strong medical knowledge about codes

Id
 s

ta
y

H
.t

y
p

e

H
.p

ro
s
th

e
s
is

H
.a

p
p

ro
a
c
h

H
.b

il
a
te

ra
l

123 Inguinal 0 Videosurgery 1

528 Abdominal 1 Laparoscopy 0



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)
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Hernia code type prosthesis approach bilateral

LMMA009 abdominal 0 direct 0

LMMA014 abdominal 0 direct 0

LMMC020 abdominal 1 laparoscopy 0

LMMA019 inguinal 0 inguinal 1

LMMA018 inguinal 0 inguinal 1

LMMA016 inguinal 0 inguinal 0

LMMA017 inguinal 0 inguinal 0

LMMC003 inguinal 0 videosurgery 0

LMMC004 inguinal 0 videosurgery 1

LMMA006 inguinal 1 direct 0

LMMA001 inguinal 1 inguinal 1

LMMA012 inguinal 1 inguinal 0

LMMA002 inguinal 1 other 1

LMMA008 inguinal 1 other 0

LMMC002 inguinal 1 videosurgery 0

LMMC001 inguinal 1 videosurgery 1

LMMA011 other 0 inguinal 0

LLMA007 other 0 laparotomy 0



Example 1: predicting 

inpatient length of 

stay to reduce it

Idea 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.g. 
clinical pathways)

 But predicting the LOS could enable to reduce it:

Tue Wed Thu Fri Sat Sun Mon

Mr Martin

Mrs Dupont LOS=2d

LOS=3j+2j=5j

Mr Martin LOS=3d:

- Economy: 2 days

- No transfer

- Less employees WE

Mr Martin
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Objectives of this work

 Principaux :

 Identifier des facteurs connus avant 
l’hospitalisation permettant de prédire la DS dans 
certaines pathologies fréquentes

 Développer une application d’aide à la 
planification des admissions programmées, pour 
éviter que la date idéale de sortie tombe le week-
end

 Secondaire :

 Prédire le jour de sortie d’un patient déjà 
hospitalisé, par exemple en urgence
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Material and methods

 Learning phase:
 Medical billing database 

(PMSI, n=17.106):
 Demographic information

 Encoded diagnoses (ICD10)

 Encoded procedures (CCAM)

 Machine learning procedures

 Expert reorganization

 => rules for LOS prediction

 Development of a web-based 
interface:
 To be used by a secretary

 Decision support for non-
urgent hospitalization 
scheduling

Administrative 

database

Data-Management, 

Machine learning, 

Expert reorganization

Rules for LOS 

prediction

Web-based interface 
for secretaries

New patient 

information

Decision
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Result: use case

 First scenario (April 1st)
 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]
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Step 1: choose

the database

E Chazard - Data reuse of big data from 

electronic health records
24



Step 2: choose

the admission 

ground
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Step 3: fill a very short 

form.

/!\ This page is 

contextualized: display 

a short list of 

discriminating 

questions. The 

questions vary based 

on statistics results.

E Chazard - Data reuse of big data from 

electronic health records
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Step 3: fill a very short 

form.

/!\ This page is 

contextualized: display 

a short list of 

discriminating 

questions. The 

questions vary based 

on statistics results.
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Result: a prediction 

of the LOS, and the 

number of 

potentially lost days. 

Simply choose 

green dates!
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The prediction takes 

legal holidays into 

account.
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Identification of subgroups of 

patients with different LOS

 Example here: 6 groups of patients

0 2 4 6 8 10

0
.0

0
.2

0
.4

0
.6

0
.8

1
.0

0 2 4 6 8 10

0
.0

0
.2

0
.4

0
.6

0
.8

1
.0

Groupe 1 (N=181)

Groupe 2 (N=443)

Groupe 3 (N=17)

Groupe 4 (N=171)

Groupe 5 (N=56)

Groupe 6 (N=977)

0 5 10 15 20

Survival durves

(right = high LOS)

LOS distribution

(right = high LOS)
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Results: use case, to be 

continued
 The admission has been scheduled on Friday 

May 10th.

 But on Monday May 6th:
 Physician: 

Do you remember Mr Dupont? There was a problem. 
He was admitted this morning due to an occlusion. I 
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]
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She uses the same

form, with different

answers.
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The LOS prediction is 

different. 

BUT the patient has 

already been 

hospitalized…

Click here!
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Probable days of 

discharge 

(red=weekend, 

orange=Friday)
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Another admission date 

can be easily chosen.
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Pour chaque règle, on peut 

obtenir plus de détails

Courbes de survie

Détails sur la prédiction

E Chazard - Data reuse of big data from 

electronic health records
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Formulaire Hernies 

des cliniques

Formulaire Hernies 

Base Nationale

Formulaire PTH 

Base Nationale
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Groupes de patients identifiés : 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 l’ensemble)

 Critères de sélection : 

 Opération un autre jour que le jour d’entrée

 ET praticien sur une liste restreinte de cinq (sur les 26 de la région)
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Groupes de patients identifiés : 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 l’ensemble)

 Critères de sélection : 

 Opération le jour de l’admission

 ET hernie sans occlusion ni gangrène

 ET praticien sur une liste restreinte de neuf (sur les 26 de la région)

 ET pas de pose de prothèse
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Courbes de survie (groupe identifié 

en rouge, tous les patients en noir)

Durées de séjour observées
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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

Funded by the European Research Council

Coordinator: R Beuscart

Data analysis & software design: 

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!
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 Objective: using data reuse & data mining to:

 Automatically identify past ADE cases

 Generate ADE detection rules

 Computing probabilities of occurrence

 Expert-operated chart reviews

 Reference method, expert validation

 Time consuming: 30 min per case, and some 

ADEs are very rare…



Retrospective detection of ADEs

 Retrospective 
identification of 
past ADEs, 
although no 
explicit signal 
exists in the 
data
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Inpatient stay

Hospital information system, databases



Prospective prevention of ADEs

 Alert 
generation, 
before the 
ADE occurs, 
in order to 
prevent it.
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Inpatient stay

Hospital information system

Alert method

Change of the drug 
prescription
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Administrative data
88 years old woman

Diagnoses

I10 Arterial hypertension
Z8671 Personal history of myocardial 

ischemia
I620 Non-traumatic subdural 

hemorrhage

Medical procedures

ABJA002 Drainage of an acute 
subdural hemorrhage, by 
craniotomy

FELF001 Transfusion

Free-text reports

Discharge 
letter

Surgical report

Drugs

Laboratory results

Acetaminophene

VKA

Vitamin K

Statin

Red blood cells

INR

Hemo-
globin



Available data: ~155,000 inpatient 

stays from 6 hospitals (F, Dk, Bu)
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ADE 

detection 

rules

ADE

cases

Administrative data
88 years old woman

Diagnoses

I10 Arterial hypertension
Z8671 Personal history of myocardial 

ischemia
I620 Non-traumatic subdural 

hemorrhage

2015-03-19

Medical procedures

ABJA002 Drainage of an acute 
subdural hemorrhage, by 
craniotomy

FELF001 Transfusion

Free-text reports

Discharge 
letter

Surgical report

Drugs

Acetaminophene

VKA

Vitamin K

Statin

Red blood cells

28

Laboratory results

INR

Hemo-
globin

Data management, 

Data mining, 

Expert filtering

Web-based interface for 

ADE review



Data mining and expert 

validation => detection rules
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 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
 HyperK+

 Angiotensin conversion enzyme inhibitor 
& potassium  HyperK+

 In total, 236 validated rules



Artificial intelligence

Example of decision tree (1)
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f=0.1

f=0 f=0.25

VKA
no yes

Butyrophenone discontinuation
no yes

f=0.2

Hypoalbuminemia
no yes

f=0.4

f=0.05 f=0.5

 VKA= vitamin K 
antagonists 
(anticoagulant)

 INR= 
international 
normalized ratio. 
Evaluates VKA 
activity

 INR>5 => risk of 
hemorrhage

 The tree
attempts to 
explain INR>5



Artificial intelligence 

Example of decision tree (2)

1. VKA 
& butyrophenone discontinuation
 P=0.4

2. VKA 
& no butyrophenone discontinuation 
& hypoalbuminemia
 P=0.5
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Two of the rules are useful to predict a risk of hemorrhage

4

3 2

1



Artificial intelligence 

Example of decision tree (3)
Albumine = plasmatic protein to which VKA bind. Only the non-bound 
part is biologically active.
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Serum albumin VKA

Normal state:
99% of the VKA bind to albumin.
Only 1% of VKA are biologically active. 
The intake is based on it.

Hypoalbuminemia:
decrease of the bound fraction,
increase of the non-bound fraction
=> too high INR (with constant intake)



Evaluation of the 

ADE retrospective detection
 Complete 2010 year of one hospital

 Number of stays : 14,747

 Number of hyperkalemia cases : 117 (7.93‰)  exhaustive review

 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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52.0%

95.1%

ADE Not ADE

ADE 39 36

Not ADE 2 40

Experts

ADE

Scorecards



For each ADE detection rule, contextualized 

statistics are computed in each setting
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X all departments

X surgery

X gyneco-obstetrics

X medicine A

X medicine B

X pneumology

Y all departments

Y apoplexy

Y cardio & endocrinology

Y geriatrics

Y gynecology

Y intensive care unit

Y internal medicine

Y obstetrics

Y orthopedics

Y rheumatology

Y urology

Z all departments

W all departments

X all dpts



Overview of ADE detection rules
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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 

Ionic and renal disorders  

Hyperkalemia (K+>5.3 mmol/l) 63 

Renal failure (creatinine>135 µmol/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 UI/l or bilirubins>22 µmol/l) 3 

Hepatic cytolysis (ala. trans.>110 UI/l or asp. trans.>110 UI/l) 4 

Hypereosinophilia (eosinophilocytes>109/l) 4 
High level of pancreatic enzymes (amylase>90 UI/l or lipase>90 UI/l) 7 

Neutropenia (count<1,500/mm3) 2 

Others 5 

Total 236 

 



The ADE Scorecards, a web-

based tool for ADE detection 

and visualization
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The “ADE Scorecards”

General procedure
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Databases of 

inpatient stays

Statistics computation

Tool for 

comprehensive 

visualization: the ADE 

Scorecards

Data Mining &

expert 

validation

Identification of 

potential ADE cases

ADE detection rules
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Number of cases per month Histogram of appearance delay
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Example 3: using 

medical information to 

detect and correct 

under-billing

Idea 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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Thank you for your attention

emmanuel.chazard@univ-lille2.fr


