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SUMMARY

Automated Detection of Adverse Drug Events
by Data Mining of Electronic Health Records

Introduction

Adverse Drug Events (ADE) are injuries due to maticca management rather than
the underlying condition of the patient. They erglamnthe patients and most of them
could be avoided. The detection of ADEs usuallyeseebn spontaneous reporting or
medical chart reviews. The objective of the preseotk is to automatically detect
cases of ADEs by means of Data Mining, which arset of statistical methods
particularly suitable for the discovery of ruledange datasets.

Material

A common data model is first defined to descriteediailable data extracted from the
EHRs (electronic health records). More than 90,@0tnhplete hospital stays are
extracted from 5 French and Danish hospitals. Thos@plete records include
diagnoses, lab results, drug administrations, adtnative and demographic data as
well as free-text reports. When the drugs are nailable from any CPOE
(Computerized Prescription Order Entry), they atigaeted from the free-text reports
by means of semantic mining. In addition, an exheeiset of SPCs (Summaries of
Product Characteristics) is provided by the Vidah@any.

Methods

We attempt to trace all the outcomes that are de=tin the SPCs in the dataset. By
means of data mining, especially Decision Trees A&sgbciation Rules, the patterns
of conditions that participate in the occurrenceAQfEs are identified. Many ADE
detection rules are generated; they are filterethalidated by an expert committee.
Finally, the rules are described by means of XMesfiin a central rules repository,
and are executed again for statistics computatonADE detection.

Results

236 ADE-detection rules have been discovered. Thokes enable to detect 27
different kinds of outcomes. Several statistics ameomatically computed for each
rule in every medical department, such as the dentie or the relative risk. Those
rules involve innovative conditions: for instancenme of them describe the
consequences of drug discontinuations.

In addition, two web tools are designed and arelabla through the web for the
physicians of the departments: ti8xorecardsenable to display statistical and
epidemiological information about ADEs in a giveepdrtment and th&xpert
Explorer enables the physicians to review the potential AbD&ses of their
department.

Finally, a preliminary evaluation of the clinicainpact of the potential ADEs is
performed as well as a preliminary evaluation efdélccuracy of the ADE detection.
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RESUME

Détection automatisée d’Effets Indésirables liesxaMédicaments par
fouille statistique de données issues du dossidrgua €lectronique

Introduction

Les effets indésirables liés aux médicaments (EHdht des dommages liés au
traitement médicamenteux plutdt qu’aux conditiomsissjacentes du patient. lls
mettent les patients en danger, et la plupart tBeatix sont évitables. La détection
des EIM repose habituellement sur les reports speést d’EIM et sur la revue de
dossiers. L'objectif du présent travail est d’ideet automatiqguement les cas d’EIM
en utilisant des méthodes @ata Mining (fouille statistique de données). Data
Mining est un ensemble de méthodes statistiques pagtiemient adaptées a la
découverte de régles dans de grandes bases deedonné

Matériel

Un modeéle de données commun est tout d’abord défams le but de décrire les
données qui peuvent étre extraites des dossigenpatectroniques. Plus de 90 000
séjours hospitaliers complets sont extraits de pithdx francais et danois. Ces
enregistrements incluent les diagnostics, les ta&sutle biologie, les médicaments
administrés, des informations démographiques etirastmatives, et enfin du texte
libre (courriers, comptes-rendus). Lorsque les w@dents ne peuvent étre extraits
d'un CPOE (systeme de prescription connectée)sdls extraits des courriers par
Semantic Mining(fouille de texte). De plus, la société Vidal foitlrun ensemble
exhaustif de RCP (Résumés des Caractéristiquesodiuib.

Méthode

On tente de tracer dans les données tous les éeateimdésirables décrits dans les
RCP. Puis en utilisant les méthodes Digta Mining en particulier les arbres de

décision et les régles d’association, on identifie circonstances qui favorisent

I'apparition d’EIM. Plusieurs régles de détectioescEIM sont ainsi obtenues, elles
sont ensuite filtrées et validées par un comit&pukets. Enfin, les regles sont décrites
sous forme de fichiers XML et stockées dans une.bdkes sont exécutées afin de
calculer certaines statistiques et de détectardssi’EIM.

Résultats

236 regles de détection des EIM sont ainsi décoeseElles permettent de détecter
27 types d’événements indésirables différents. i@®lus statistiques sont calculées
automatiqguement pour chaque regle dans chaquesegoomme la confiance ou le

risque relatif. Ces regles impliquent des condgiomovantes : par exemple certaines
regles décrivent les conséquences de I'arrét d'édicament.

De plus, deux outils Web sont développés et mia didposition des praticiens via
Internet : lesScorecardspermettent de présenter des informations statissiget
épidémiologiques sur les EIM propres a chaque eertandis que Expert Explorer
permet aux médecins d’examiner en détail les aalsgimes d’EIM de leur service.

Enfin, une évaluation préliminaire de I'impact afjoe des EIM est menée, ainsi que
I'évaluation de la précision de détection des EIM.
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1. INTRODUCTION

Adverse drug events (ADES) are a public healthesEiach year, they are responsible
for 98,000 deaths in the USA [Kohn 2000]. Thera iseed to improve the knowledge
about ADEs. The objective of this work is to autticedly detect cases of ADEs by
mining electronic records of past hospitalizaticars] to identify the causes that led to
those ADEs.

The first part of this chapter aims at providinglefinition of ADEs, which is not a
trivial task (see sectioh.1 on page 15). The second part of this chaptseries the
different approaches that are commonly used for AleEection: reporting systems,
medical chart reviews, data mining and natural lagg processing (see sectib2
on page 16).2. Then, as the objective of this work is to dat&a mining, a state of the
art in data mining is performed (see sectio8 on page 18): the requirements are
enounced and 3 unsupervised and 7 supervised daiagnbechniques are reviewed
and assessed. Finally, the PSIP Project is desc(ds® sectiod.4 on page 43). The
PSIP Project aims at detecting and preventing AD&®] the present work is
performed as part of this project. Finally, the eatives of this work are more
precisely detailed (sectidh5 on page 46).

1.1. Definition of Adverse Drug Events

The definition of Adverse Drug Events is not triviaut a common definition has been
agreed on by researchers. Defining Adverse DrugntSv€ADES) first requires
defining Adverse Drug Reactions (ADRS).

The World Health Organization (WHO) and the Eurgpé#ion share the same
definition of an ADR [EC 2001]*A response to a medicinal product which is
noxious and unintended and which occurs at dosemalty used in man for the
prophylaxis, diagnosis or therapy of disease or fioe restoration, correction or
modification of physiological function'The Institute Of Medicine [IOM 2007, Kohn
1999, Handler 2006] define an ADE ‘@ injury resulting from medical intervention
related to a drug”[Kohn 1999, Bates 1995]. This definition has beenplified to
“an injury resulting from the use of a drugGurwitz 2000]. According to Nebeker et
al. [Nebeker 2004], in that definition ADEs includarm caused by the drug (ADRs
and overdoses) and harm from the use of the dnajiding dose reductions and
discontinuations of drug therapy.

The Institute Of Medicine [IOM 2007] also gives #mer definition of ADEs that is
interesting because it integrates the part thatdibeases of the patient play in the
outcomes: an ADE isan injury due to medication management rather thidue
underlying condition of the patient’A more complete definition can be retrieved
from the “Glossary of terms related to patient amedication safety” elaborated by
the Committee of Experts on Management of Safety @oality in Health Care /
Expert group on Safe Medication Practices, commmei by the Council of Europe
[SPSQS 2009J*‘An Adverse Drug Event is any injury occurring dugithe patient’s
drug therapy and resulting either from appropriatare, or from unsuitable or
suboptimal care. Adverse drug events include: tdeeese drug reactions during
normal use of the medicine, and any harm seconttarg medication error, both
errors of omission or commission.”

Automated detection of Adverse Drug Events by Dditging of Electronic Health Records
Emmanuel Chazard, PhD Thesis Page 15 of 262



In accordance with those definitions, researchés agree on dividing ADEs into
two categories: preventable ADEs and non preveatABIEs. Preventable ADEs are
assimilated to “medication errors” while non pretadile ADEs are considered ADRsS
that could not be avoided [Murff 2003]. It is wontioting that medication errors do
not necessarily harm the patients. Only a limitediipn of medication errors turns
into actual ADEs; all of them are preventable. Gasely, all preventable ADEs are
considered medication errors.

Finally, the existence of an ADE implicitly requsréhe presence of clinical harm for
the patient. The committee of Experts cited abdSBJQS 2009] adds théan
adverse drug event can result in different outcgmesably: in the worsening of an
existing pathology, in the lack of any expectedlthestatus improvement, in the
outbreak of a new or to be prevented pathologyhénchange of an organic function,
or in a noxious response due to the medicine takérhe American Food and Drug
Administration define an adverse event as “seriomsén the patient encounters one
of the following outcomes [FDA 2010]:

- Death

- Life-Threatening outcomes

- Hospitalization (initial or prolonged)

- Disability - significant, persistent, or permanehange, impairment, damage
or disruption in the patient's body function/stuuret physical activities or
quality of life.

- Congenital Anomaly
- Requires Intervention to Prevent Permanent ImpaitraeDamage

From a pharmacological point of view, ADRs are widfined. Six types have been
identified [Rawlins 1977, Aronson 2002]:

- Type A: Augmented pharmacologic effects - dose ddget and predictable:
intolerance and side effects

- Type B: Bizarre effects (or idiosyncratic) - doedeépendent and
unpredictable

- Type C: Chronic effects

- Type D: Delayed effects

- Type E: End-of-treatment effects
- Type F: Failure of therapy

In this work, we shall stick to those definitionsADESs. Especially, we shall not look
for abnormalities in the drug prescription that Wboot have any consequence on the
patient. We shall first look for any traceable aume (e.g. hyperkalemia), and try to
limit those outcomes to those that could be explhirby at least one drug
administration or one drug discontinuation. Thipraach first requires that some
outcomes are being identified in the data.

1.2. State of the Art in Adverse Drug Events detect ion

In former scientific works, different methods habeen used to identify and
characterize ADEs and medication errors. Sevesalsdications of these systems are

Automated detection of Adverse Drug Events by Dditging of Electronic Health Records
Emmanuel Chazard, PhD Thesis Page 16 of 262



available [Bates 2003, Morimoto 2004, Amalberti @D0’o date, the most prominent
systems are reporting systems and medical chaewev

Reporting systems

Reporting systems of medication errors or incidanésthe most ancient methods, and
they were imported in healthcare from other domasush as Transportation
(aviation) or Industry. Reporting systems are ugudbcumented by healthcare
professionals spontaneously or after prompting,donte systems are designed to be
documented by the patients themselves. Although A&Brting is made mandatory
by the law in certain cases, authors usually atjrateall reporting systems suffer from
important under-reporting biases [Morimoto 2004,rf¥1@003]. Indeed if an ADE is
frequent, predictable and not too severe, its datta is deemed not to bring any
new knowledge and might uselessly involve the |draner’s responsibility. On the
other hand, those reports contain very exhausti@mation, including narrative
sections of the context and causative factors. Teeyain extremely useful for the
analysis and characterization of contributing fextf ADES.

Medical chart reviews

Retrospective medical chart reviews or Electroneakh Record (EHR) reviews
constitute the main source of reliable epidemiaabknowledge on ADE. At first
these reviews were performed by trained expertsgdéspite its promising results, this
method rapidly showed important limitations. Excegien experts are intensively
trained [Classen 2005, Kilbridge 2006, Morimoto 2))Ghe inter-experts agreement
regarding the identification of ADEs is usually neoate to low (40 < k < 60) and
even more so when experts are asked to validateatlsative factors of the ADE (k <
.05) [Amalberti 2006]. Moreover the method is erisdy time and resource
consuming. As a consequence, researchers havetdriadke the opportunity of the
increasing availability of EHRs to automate pathig reviewing process. Indeed it is
possible to screen integrated data sources (Hbdpftamation Systems, Electronic
Medical Records, lab results, administrative date.,). Except for systems targeting a
circumscribed domain such as anesthesia [Bensof]2@0date no system has been
able to reach complete automation.

Data Mining in the current approaches

Due to the exponential increase of the availableputerized patient data, one would
think that, as in banking industry, insurance comigsm or mass retail sector, data
mining is more and more used to automatically scrieege amount of medical
records. Paradoxically, in the field of ADE deteati data mining is mainly used to
analyze voluntary ADE reports [Almenoff 2005, Alneéh2007, Bate 2006, Bennet
2007, Coulter 2001, Hauben 2005]. Those studieslat®emining techniques in order
to identify which drugs from those listed in thepoets were more likely to be
responsible for the outcome. It brings interestikgowledge for ADE report
interpretation, but the statistical links that discovered are valuable only knowing
that an ADE has been declared and can hardly lemné@ed to ADE detection or ADE
prevention.

Natural Language Processing in the current approaeh
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Another way to detect ADEs is to mine free-textamp by means of Natural
Language Processing (NLP) [Cantor 2007, Gysbers3,28&lton 2005, Aramaki
2010]. Interesting results can be obtained; assyitmat the physicians or the nurses
have detected the ADEs and reported them in fretesteservations or letters. In that
use, NLP stands between ADE declaration screemdghart reviews as it enable to
screen big amounts of patients records but requfras a sort of informal ADE
declaration is present in the texts, for instamcéhe discharge letter.

Use of detection rules in CDSSs

Clinical Decision Support Systems use rule-basg@rahms for ADE prevention
during the medication process. Whatever their ori¢gthart reviews, reporting
systems, summaries of product characteristics), ¢be@ rules are always described as
a set of Boolean conditions that could lead to attamme. In CDSSs, the rules that
have been implemented are considered to be alvedigble and are applied in the
same way to the medical departments all over thedwés a consequence in this
classical approach the alerts are too numerousoamubor accuracy because they
don’t consider the variability in patients’ chamtstics, drug use, and monitoring
procedures. The physicians often complain of oleriag and their trust in the
system decreases to such an extent that some wf tleactivate the CDSS or
systematically skip the alerts.

In this work, we shall not rely on any voluntarypoeting of ADEs. This excludes
reporting systems, data mining of voluntary ADE aep, and NLP of discharge
summaries. We shall apply data mining techniqueatinely collected data in order
to discover cases of ADEs. The ADE cases will hid#he data, without any flag and
without any preliminary expert-operated review. Blover, we shall try to bring
innovative solutions based on statistics, in ordereduce over-alerting when the
detection rules are implemented into a CDSS.

1.3. State of the Art in Data Mining

1.3.1. Introduction

A state of the art is realized before mining théaddhe qualities and drawbacks of
different data mining methods are evaluated witpeet to the nature of the data and
the results that are expected from those methods.

In this section, the requirements of the data ngrane considered through several
aspects: the available data, the two procedureplaveto apply, the expected results
and the qualities of the rules we try to obtaimfrdata mining. Those aspects help us
to list the qualities we expect from the data mininethods.

Then, several data mining methods are reviewedcantfonted with those expected
gualities: non supervised methods and supervisdtiads. The description of those
methods follows a uniform presentation.
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1.3.2. Requirements of data mining

1.3.2.1. Available data

In this work, the aim of the data mining processoisdentify adverse drug events
(ADE) and causal conditions. We expect to havexfagn about 50 different kinds of
outcomes using about 500 potential conditions.tAd outcomes will be described
using binary variables (outcome present or abs&hg.potential conditions will be in
the form of binary variables or quantitative valesb(e.g. age of the patient).
Depending on the medical department, the numbeows$ of the dataset could vary
from 500 to 5,000. In addition, the different datgswe use (one dataset per medical
department) do not necessarily contain exactlystimae fields. As the available data
are not always the same from one hospital to anodsethe laboratory parameters
that are measured are not always the same, asxtrect®n process undergoes
permanent improvements, the columns of the datasets vary a little from one
dataset to another

1.3.2.2. Two procedures for rule induction

Two procedures are going to be used for the ADEal®en-rule induction: procedure
A & procedure B.

The aim in Procedure A is to identify ADE casesgasups of hospital stays that
involve different patterns of outcomes, and therryoto explain their belonging to
those groups using several conditions.

As shown on Figure 1 the approach in ProcedurelPbei
- (step 1) to identify atypical groups using the oate variables (“effect x”)
- (step 2) to explain those groups using the condi@riables (“cause x”).

Cause 1 o< Step 2 step 1 __ao Effect 1
Cause 2 © / o Effect 2
Cause 3 o a Effect 3
Cause 4 o a Effect 4
Cause 5 o a Effect 5
Cause 6 o a Effect 6

Figure 1. Decision rules induction in Procedure A

In Procedure B, results will be obtained using mpser approach: outcome by
outcome, we try to establish the link between tlveent outcome and all the available
conditions (Figure 2).
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Causel o o Effect 1
Cause 2 o o Effect 2
Cause 3 o Effect 3
Cause 4 o o Effect 4
Cause 5 ©o o Effect 5
Cause 6 © o Effect 6

Figure 2. Approach for decision rules in Procedurdd

The definition of the requirements is done withpexg to the three different steps, as
shown in Table 1.

Table 1. Definition of the requirements in respectith the procedure.

Procedure A
Procedure B

Astep 1l A step 2

To explain an outcome binary

To get some groups from| To explain the groups using variable using condition

outcome binary variables condition variables

variables
7)) 7)) 7))
%) n beb) n
> / 51 8 S| » 3]
-} E <5} =) 3 0] ) [}
@M = @ = M =
) w i o w | o Ll

1.3.2.3. Expected qualities of the rules

1.3.2.3.1. Explanation of an outcome by a set of
conditions

The objective of this work is to describe setsafditions that could lead to an ADE.
The term “effect” can be used:

- Either to describe the “1” value of a binary outeowariable (in procedure B)

- Or to describe a target value of a qualitativeatala (a group, in procedure A)
Contrary to procedure B, in procedure A this exatamm is split into two steps.

1.3.2.3.2. Simple formalization of cause-to-effect
relationship

In procedures A & B, each effect is expected teekplained by a set of conditions.
But the result presentation is preferred to loék k& limited set of conditions leading
to the realization of the effect:

Ci1&...&Ck E
with confidence=P(E| C, C ... CC)

This kind of result is strongly desirable for 3 magasons:
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- The rules have to be validated. The validation nfla is only possible when a
limited list of identified conditions lead to aneidtified effect. Even simple
rules require a lot of time to get validated, thblibgraphic validation of
fuzzy conditions is not possible.

- Once validated, the rules have to be implementeal anCDSS. The CDSS
module is not a statistical application, and meghtldat use too complex
metrics are not usable. Even if the system hadatiity to implement the
metrics, this would suppose the availability of thik needed parameters, i.e.
that all the datasets show exactly the same vasabind that this big amount
of information is sent to the CDSS.

- Once validated and implemented, the rules must X@amable to the
physicians who will use the CPOE. Medical reasomag be summarized as
decision rules where the combination of binary ¢coonls linked by the AND
operator leads to an effect.

1.3.2.3.3. Compatibility between the method and the  kinds
of variables

The methods have to be compatible with the avalabkiables, with respect to the
step of the procedure used (Al, A2 or B). Note thiatiry variables can in certain
cases be considered either as quantitative vasiaolas qualitative variables.

1.3.2.3.4. Low number of predictors in the rule

A poor number of predictors are preferred in eadh because as mentioned above
some variables might be missing from one datasentgher. Figure 3 displays the
probability for a rule to be applicable in accordarwith the number of missing
variables among 500 variables, assuming that allvriables can be randomly used
as predictors by the rules. Moreover, rules havirgye than 4 conditions are very
difficult to explain according to the physiciansdharge of rule validation.
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Figure 3. The probability of a rule to be applicabé when some variables
are missing strongly decreases when the number ofgalictors is high.

1.3.2.3.5. No assumption of risk additivity

We observed that, due to the high number of expdapavariables, additive models
led to an over-adjustment risk. Most of the explanavariables produce significant
associations when used together in multivariateetsodithough only a few variables
are linked with the effect in univariate statistibdoreover the additivity of the risks
does not fit real situations in medicine: condiibprobabilities seem to be more
appropriate.

The following example shows the relative risks afyhx and hypopharynx cancers
depending on alcohol and tobacco consumption: ffp@thesis of risk additivity is
clearly incongruous [Tuyns 1988]. As in many otb&amples, the risk additivity is
not appropriate, and conditional probabilities im@e reliable.

Alcohol increases the risk of cancer by 10. PRQ F 10 * P(C)
Tobacco increases the risk of cancer by 5. P()G|T* P(C)
Tobacco and alcohol together increase P(C|ACT)=40*P(C)

the risk of cancer by 40.
C=larynx or hypopharynx cancer
T=tobacco

A=alcohol
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1.3.2.4. Expected qualities of the methods

1.3.2.4.1. In procedure A step 1
(N, effect variables K groups)

=

The following qualities are expected from the meto
- Unsupervised method: discovery of groups from sswartcomes
- Simple formalization of the conditions that enatdestatute on the belonging
to a group (pattern of outcomes)
- Compatibility between the method and the typesefvariables:
o Several “outcome” binary variables as input
o One qualitative variable as output (normal, abndtrebnormal2...)
- Low number of predictors in the conditions of thies

This step consists in discovering groups
using all the outcome binary variables.

Causes
Effects

1.3.2.4.2. In procedure A step 2
(N1 cause variables K groups)

This step consists in predicting the groups
from all the “condition” binary variables.

Causes
Effects

=

The following qualities are expected from the meto

- Supervised method, explanation of a known groupguaiset of conditions
Simple formalization of the relationship betweemnditions and group
Compatibility between the method and the typesiefvariables:

o0 several binary or quantitative variables as coodgi

0 one qualitative variable as group (effect)
Low number of predictors in the rule
No hypothesis of risk additivity

1.3.2.4.3. In procedure B

(N1 condition variables 1 outcome variable)
0 12
9 D This step consists in predicting a given outcome
8 E variable using all the “condition” binary variables

The following qualities are expected from the meto
- Supervised method, explanation of an outcome k&t afsconditions
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- Simple formalization of the relationship betweere tbonditions and the
outcome
- Compatibility between the method and the typesefvariables:
o several binary or quantitative variables as causes
0 one binary variable as effect
- Low number of predictors in the rule
- No hypothesis of risk additivity

1.3.2.5. Descriptive summary of the data mining met  hods

At the end of the review of each data mining methibé following descriptive
summary is checked. It makes it possible to quidkdntify if the method is usable or
not.

In each column, the first condition (first row)nsandatory: if the method doesn’t fit
this general requirement, there is no need to dssis usability.

Name of the method

Procedure A Procedure B
Step 1 Step 2
0 * 0 " i 2
O L O w O L
Effects new groups Causes groups Causes one effect
Unsupervised, discovery of  Supervised: Supervised:
groups from several effects |causes groups causes one effect
Simple formalization of Simple formalization Simple formalization
belonging conditions Type compatibility Type compatibility
Type compatibility Low number of predictors Low number of predictors
Low number of predictors No risk additivity No risk additivity
Conclusion: Conclusion: Conclusion:

1.3.2.6. Methods to be reviewed

In this section, the following methods are reviewed
- Non supervised methods:
0 Kmeans
o Agglomerative hierarchical clustering
0 Latent class analysis
- Supervised methods:
Logistic regression, multinomial logit model
Cox proportional hazards model
K-Nearest Neighbors algorithm
Naive Bayesian classification
Neural networks

O O O 0o o
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o Decision trees
0 Association rules

1.3.3. Review of the methods

1.3.3.1. K Means

General principles

The k-means method is a clustering classificati@at €énables to divide a data set into
a certain number of partitionk lomogeneous clas3¢slacQueen 1967].

In each cluster the elements have to be as simslgoossible, and clusters have to
differ from the others as much as possible. Theeefihe number of clusters has to be
defined (k) a priori. Then, k records are randontipsen as “centroids”. Each record
in the sample is checked by the algorithm [MacK@93 and is assigned to one of
the k clusters, minimizing Euclidean distance sdeéntroid. Once this first loop is

achieved, the n observations are now grouped inttusters. For each cluster, the
gravity center is computed and becomes the newadniThose steps are iterated. If
one or more observations have moved to anotheteclttsen centroids are computed
again (for each cluster) and so on, otherwise ttmugs remain stable and the
algorithm stops.

The algorithm of k-means aims at minimizing inttass variance and maximizing
interclass variance.

Assessment of the method

This method can be used when the means of theblesiaan be computed therefore
only continuous variables are taken into account.

Conclusion
K means
Procedure A Procedure B
Step 1 Step 2
0 0 @ 0
@ o 3] o ? ©
3 o 3 o) 3 2
E Cé 2 §§> g 5 i
Effects new groups Causes groups Causes one effect
Unsupervised, discovery of |  Supervised: Supervised:
groups from several effects | causes groups causes one effect
Simple formalization of
belonging conditions
Type compatibility
Low number of predictors
Conclusion: Conclusion: Conclusion:
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1.3.3.2. Agglomerative hierarchical clustering

General principles

Agglomerative Hierarchical Clustering (AHC) aims gtouping n observations
described byp explanative variables,EE,, ..., E in m groups as homogenous as
possible according to a dissimilarity criterion. eTthierarchical aspect can be
explained by the fact that for a given precisioveletwo observations can be in the
same group, while for a higher precision level sthobservations would be assigned
to two different groups. In other words, the metlgoaldually aggregates observations
according to their resemblance which is evaluated briterion.

How does it work?

The first step of the method consists of the choica dissimilarity index [Day 1984].
This index enables to evaluate the resemblancev@fobservations in relation o
explanative variables. In the case of continuowsufes, the Euclidean distance
(Equation 1) can be used. Actually, the more impdrthe distance is, the less similar
the observations are. Several other distances eaqubted like squared Euclidian
distance, Manhattan distance or Tchebychev distahtethe case of discrete
explanative variables, chi-square distance (Egqoaf) or percent disagreement
distance can be used to evaluate similarity betvobservations.

- Lo )2 _ <& ,ﬁf _ﬁ? ,
6[zn’ — = AL d:z{f' = - )?

Equation 1 Euclidian distance Equation 2 Chi? distance

The second step consists of the choice of an agtioegindex and therefore a
classification algorithmife. the algorithm is related to the distance computifidis
index aims at evaluating distances between grooipbdgtween an observation and a
group). Several indexes can be quoted, such as:

- Single-linkage clustering: the distance betweendvwoups is the smallest;
- Complete linkage clustering: the distance betwaengroups is the biggest;
- Distance between class’ gravity centers;

- Ward’'s criterion, which is based on the intra-amsvariance minimization
and the inter-cluster variance maximization;

- Sum of all intra-cluster variances: the higher gus is, the less homogenous
the clusters are.

First the method considers as many clusters as\@isms, therefora clusters. Each
observation is a proper cluster (the finest partitig). Afterward, the algorithm forms
the most similar couples of observations accordmghe aggregation index and
iterates this logic at each step, decreasing thmebeu of clusters until having one
cluster, which contains all the observations.
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The AHC method produces a classification binarye trevhich is often named

dendrogramm. The root corresponds to the clustgrititludes whole data and the
leaves represent all single observations. The td¢wvels in the tree represents a
hierarchy. Moreover, for each level the sampleiidddd into a certain number of

clusters. In addition, the dendrogramm shows, om ¢me hand, the order of
aggregations and on the other hand the aggregatitex value for each level. This

value is important to choose a cut point therefareertain number of clusters.
Actually, it is generally relevant to select the point after the level of aggregations
that shows low values of aggregation index and reefbe level that shows high
values of index. Using this “gap” technigque, we nexypect to have a good quality
partitioning therefore a reliable number of cluster

The complete data
root » | is a cluster (n)

node Every cluster can

be divided into two
clusters

—_—

E) B3

branch >

~— _ Each observationis a

n observations __. | cluster

Figure 4. Partitioning with Agglomerative Hierarchical Clustering

—]

A

AR

Figure. 5 Example of dendrogramm
[Benzecri 1973, Didaye 1980, Cornuejol 2002].
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Assessment of the method

The use of factorial analysis methods is advisddrbeusing the AHC method, in
order to reduce noise in the data but these methwde the set of clusters more
difficult to interpret and not necessary switchablether medical departments.

Conclusion
Agglomerative hierarchical clustering
Procedure A Procedure B
Step 1 Step 2
3 (2 i (% 3 2
[%2] (8] (2] [S] =} ()
Effects new groups Causes groups Causes one effect
Unsupervised, discovery of Supervised: Supervised:
groups from several effects causes groups causes one effect

Simple formalization of
belonging conditions

Type compatibility
Low number of predictors

Conclusion: Conclusion: Conclusion:

1.3.3.3. Logistic regression, multinomial logit mod el

General principles

Logistic regression is often used to predict thebpbility of the occurrence of an
event by fitting data to a logistic curve [Amemiy@85, Balakrishnan 1991]. It is the
particular binomial use of a generalized linear eiofMcCullagh 1989]. It uses

several numerical or categorical variables as ptedi. It is widely used in the

medical and social sciences and marketing appbicatiBeing able to explain a binary
effect justifies the popularity of the method:

P(E) = 1/( 1+€) where z=a0 + al*Cl + a2*C2 +...+ ak*Ck

E is the variable to predict

C; are the predictors

q is the intercept

a; >0 are the coefficients related to each predictor

Multinomial logit model is an extension of logistiegression that enables to use a
categorical variable as dependant variable [Nak&€8, Venables 2002]. We first
used logistic regression as a simple and easy+forpe way to identify multivariate
associations.
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Assessment of the method

This method is often used in the field of mediciAetually, one of the project goals
consists in obtaining rules that can be easilydedid by physicians and implemented
in a rule engine. However, the logistic regressiors not provide this kind of rules.
Actually, due to the affectation of a coefficieatdach explanative variable, the model
does not fulfill the previous rule requirements.

Conclusion
Logistic regression, multinomial logit model
Procedure A Procedure B
Step 1 Step 2
Effects new groups Causes groups Causes one effect
Unsupervised, discovery Supervised: Supervised:
of groups from several causes groups causes one effect
effects
Simple formalization Simple formalization
Type compatibility Type compatibility
Low number of predictors| Low number of predictors
No risk additivity No risk additivity
Conclusion: Conclusion: Conclusion:

1.3.3.4. Cox proportional hazards model

General principles

The Cox proportional hazards model is a sub-cldssuvival models [Cox 1972].

The effects we trace can be considered as sumtatat the effect might occur or not,
when the effect occurs it occurs at a known dategrwit doesn’t occur (data are
censored), the patient has been exposed to théctmmesdduring a known duration.
The popularity of the Cox model is due to its dpilio take several predictors into
account. But a strong assumption is that a giveadiptor multiplies hazard

independently of the time.

Assessment of the method

This method is appreciated because it is no hygahen the survival distribution.
Furthermore, the main hypothesis of this methotheés fact that the relative risks
associated to predictors are constant over timenThe additive relationship is still
used to bring several predictors together. So #geai that model would lead to the
same obstacles as generalized linear models:

- assertion of additivity of the effects
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- over-adjustment due to a high number of prediatorespect with the number
of records

- impossibility to validate and to output rules whgveedictors are linked
together in a linear combination

Conclusion
Cox proportional hazards model
Procedure A Procedure B
Step 1 Step 2
0 * 0 " 3 2
O L O w ©) L
Effects new groups Causes groups Causes one effect
Unsupervised, discovery| Supervised: Supervised:
of groups from several causes groups causes one effect
effects
Simple formalization Simple formalization
Type compatibility Type compatibility
Low number of predictors| Low number of predictors
No risk additivity No risk additivity
Conclusion: Conclusion: Conclusion:

1.3.3.5. K-Nearest Neighbors algorithm (KNN)

General principles

KNN is a classification method based on distancamding. The main idea is that a
new element is allocated to a class, which is thetrnommon amongst tlkenearest
neighbors of the new elememt.is the number of neighbors taken into account. It
varies between andn, wheren is the number of observations.

The neighbors are identified by means of the coatprn of a distance. Actually the
elements are represented by vectors in a multicsioaal feature space, therefore
Euclidean or Manhattan distances are usually usétkentify the nearest neighbors of
a new element.

This method makes a classification without ventyiftypotheses on the function of
classificationE=f(C, , C,,..., G ) which links the dependent variabke to the
predictorsC;. This method is non-parametric.

[Belur 1991, Shakhnarovish 2005, Garcia 2008]

How does it work?

For each new instance which has to be classiffezlatgorithm computes a distance
between this instance and the other observationassto find out the k-nearest
observations which will be its k- nearest neighbdilse new instance is allocated to
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the class, which is the most common amongst theakest neighbors. However, the
Euclidean or Manhattan distances only work withtowmous variables. In the case of
discrete predictors another metric such as thel@venetric or Hamming distance can
be used.

Thek value is linked to the data. Generally, a highueabf k enables a reduction of
the noise in the classification but also involvessl distinct boundaries between
classes. An efficient value &fcan be found thanks to various heuristics metisodb
as cross-validation.

Assessment of the method

The KNN method is well known for being one of thenglest methods in data
mining, therefore the algorithm is easy to impletnétowever, this method is also
well known for being time-consuming because of doenputing of the k-nearest
neighbors for each new instance to classify.

Conclusion
K-Nearest Neighbors algorithm
Procedure A Procedure B
Step 1 Step 2
2 9 2 9 2 g
Effects new groups Causes groups Causes one effect
Unsupervised, discovery|  Supervised: Supervised:
of groups from several causes groups causes one effect
effects
Simple formalization Simple formalization
Type compatibility Type compatibility
Low number of predictors| Low number of predictors
No risk additivity No risk additivity
Conclusion: Conclusion: Conclusion:

1.3.3.6. Naive Bayesian classification

General principles

This type of classification is based on the Baykebrem with a naive independence
assumption for all the features.

In simple terms, this method supposes that theepoes (or absence) of a specific
cause of a class is unrelated to the presencebgmanae) of any other cause. For
instance, a fruit can be considered to be an oréngecolor is orange, its shape is
round and about 8cm in diameter. Although thestifea could be dependent on each
other, the naive Bayesian classification consideesopposite, that is to say that it
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assumes that all the features contribute, in aepaddent way, to the probability that
this fruit is an orange. [Domingos 1997, Hand 20Qatsiantis 2004, Minsky 1961,
Morina 2004, Rish 2001].

How does it work?

This classification problem can be formulated usingpsterioriprobabilities:

P(E|GCC,C...CC,) which corresponds to the probability that this tanse
(C1,C,,...,G) belongs to th& class. The main idea is to allocate a new instémtlee
class which maximizes the probabilRYE|C). Moreover, the method uses the Bayes
theorem which asserts thB(E|C)=P(C|E)*P(E)/P(C) with P(C) being considered
constant for all classes aRgE) the relative percentage of the E class.
Unfortunately, the probability?(C|E) is not computable if the features are not
independent.

The method assumes that all the features are indepeand this hypothesis enables
to easily compute the probabilityP(C,CC,C...CC|E). Actually, under the
independence hypothesi¥C,CC,C...CC|E) = P(C|E)*...*P(Cy|E).

Thus, for all features {Cthe probabilityP(G|E) is computed. This probability is
estimated thanks to the relative percentage ohmtgts which have the val@g in the

E class. Then, a new instan€&=(C1,C,,...,G) is allocated to the class which
maximizes the probability?(C, CC,C...CC,|E) that is computed by the expression:
P(G|E)*...*P(CyE).

Assessment of the method

This method is well known and often used becausiscoéfficiency even with few
data. Furthermore, it is based on probabilisticries and provides good
classification capacity.

However, the main hypothesis of this method isitttependence of the predictors,
which is not often verified in practice. Within tipgesent work, the conditions that
can lead to an adverse drug event are not unctadelAall the correlation coefficients
between available predictor couples have been ctedp@about 19 different
couples). Their distribution is displayed in Fig@eA nullity test of the correlation
coefficient has been computed too, the distribubérthe p values is displayed in
Figure 7 where the vertical line shows the 0.0®ghold. 23% of p values are under
0.05. In conclusion, 23% of the couples of varialdee not independent.
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Considering the important number of predictors makeo account by the method so
as to classify a new instance, it can be inferhad the naive Bayesian classification is
inappropriate in this work because we expect fahgrt rules.

Conclusion
Nailve Bayesian classification
Procedure A Procedure B
Step 1 Step 2
0 0 3 %)
g 2 2 2 @ g
(O]
Effects new groups Causes groups Causes one effect

Unsupervised, discovery
of groups from several
effects

Supervised:
causes groups

Supervised:
causes one effect

Simple formalization
Type compatibility

Low number of predictors
No risk additivity

Simple formalization
Type compatibility

Low number of predictors
No risk additivity

Conclusion:

Conclusion:

Conclusion:
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1.3.3.7. Neural networks

General principles

The artificial neural networks, which are usuallammed neural networks, are
mathematical models that are inspired by the biologural networks. These models
are applicable when a relationship between theigiged (inputs) and the predicted
variable(s) (output) can be demonstrated eveni# tllationship is complex and
cannot be described by simple correlations or @iffee between groups.

An artificial neural network is generally composgida series of layers, each one of
them using in input the output of the previous dBach layer is composed oN;
neurons that use in input the output of tie neurons of the previous layer. A
synaptic weight is associated with each synapsech a way that thi§,.; neurons are
multiplied by this weight and then added to thernaa of leveli, which amounts to
multiplying the input vector by a transformation tnra (combination function). The
value given by the combination function is evalddbg the activation function using
a threshold, and an activation value is computdie @ctivation function is, by
definition, non-linear, therefore this method hateiiesting qualities of modeling.

In the present work, this method can be used $0 psedict an ADE for a given stay.
As it can be seen on Figure 8, the artificial neunetwork model uses in input a set
of causes and provides the presence (or absenae)aiffect in output.

Weights
Predictors’

()
Weighted sum Activation's function

X ._, -
\ net. Activation

J 0.

) @ )

ADE

5—(vy)

=1;
Cambination's function l ADE=0

X, 9
n Threshold

Figure 8. Scheme of an artificial neuron

Causes

Assessment of the method

This method is widely used in several fields beeaakits efficiency in modeling
complex data and its ability to provide good gquyabf classification. Despite these
obvious qualities, the neural networks are oftensatered as a “black-box” and the
classification rules resulting from the model arffiallt to interpret. Actually, the
weight computing and the use of combination funciiovolve the fact that the rules
are abstract and meaningless, hence the “black-thesignation.

In this work, this element argues against the diski® method because the alert rules
have to be easily validated and interpretableHerghysicians. Furthermore, the alert
rules have to be implemented in a simple fashicengine rules.
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Conclusion

Neural networks
Procedure A Procedure B
Step 1 Step 2
[}
3 o 3 2 3 2
O L O L O L
Effects new groups Causes groups Causes one effect
Unsupervised, discovery| Supervised: Supervised:
of groups from several causes groups causes one effect
effects
Simple formalization Simple formalization
Type compatibility Type compatibility
Low number of predictors| Low number of predictors
No risk additivity No risk additivity
Conclusion: Conclusion: Conclusion:

1.3.3.8. Decision trees

General principles

Decision trees consist of the construction of a by means of successive splits of the
observations from a sample into two or more homogsrsegments (called nodes) in
relation to a dependent variable (binary, ordidacrete or continuous) and using the
information ofp explanative variables (binary, ordinal, discrateantinuous).

The inducted tree is represented by means of aseddree which has, as a root, the
global sample to split. Furthermore the other naaleseither intermediate or final.

The set of final nodes represents a partitioninghef sample into homogenous and
distinct classifications in relation to the depemdeariable. Branches symbolize

conjunctions of predictors that lead to those diassions.

Decision tree models can be divided into two ppatitypes: classification trees

(discrete outcome) and regression trees (continaoteome).

In addition, the different tree induction method®duce segmentation rules that
describe each node (intermediate or final).

Decision trees (classification trees) are intengstin order to get some rules such as:

Condition1 & Condition2 & ... & Conditionk Outcome

C.€CC..CC O
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Beta lactamjantibacterial?
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NoAge >76.25? Yes 20% 85,7%

0
2,65% | 30% |

60% 0%

Figure 9. Example of decision tree

How does it work?

Several well-known methods produce decision trerg;h as the Chi-squared
Automatic Interaction Detector (CHAID) or Classdioon and Regression Trees
(CART). Both methods are described below.

In both methods, the data are commonly divided iwim sub-samples called growing
set and validation set, respectively. The first hodt which corresponds

approximately to 70% of the data, is used for treestruction. The second method is
used to carry out a validation of the model by nseafithe rest of the data, which can
be considered as “unknown” data. This division aahgvaluating the ability of the

model to provide reliable predictions on new dataother words, the objective of this

technique is to avoid overfitting.

Chi-squared Automatic Interaction Detector (CHAID)

CHAID is a non-parametric method, which produceshezi classification or
regression trees depending on whether the dependmmable is discrete or
continuous. In addition, this method produces N-a&mges. It is based on the
independence chi-square test, therefore it nee@dpaa risk that has to be chosen by
the analyst. It is significant to add that produteess are composed of rule set based
on certain values of variables.

The algorithm follows several ordered points:

- Predictors are selected by means of the chi-sgaeateActually, the predictor
that maximizes the chi-square test statistic (stégistic has to be significant
with respect to the alpha risk) is selected. Thadigtor provides the best split
that differentiates observations based on the digp#rvariable.

- Once a predictor has been selected and has splida into two or more
“children” nodes, the same algorithm is appliedeth child in a recursive
way.

- The algorithm stops when the chi-square test is sighificant for each
predictor or in all terminal nodes, the number btervations is too low to
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split theses nodes again. These two elements diienpruning of the tree: as
this pruning is performed during the tree expans#priori, it is called “pre
pruning”.

Classification and Regression Tree (CART) method

This method is quite similar to CHAID. However, seal differences can be
highlighted. Actually, the split factor is based e Gini coefficient instead of the
chi-square test statistic. This coefficient measutbe statistical dispersion of
distributions. The higher the coefficient is, thettbr the split ability (notion of
impurity reduction) of the considered predictor Moreover, this method only
produces binary trees.

In addition, the method does not carry out the pruiof the tree during its growing
stage (no pre-pruning). Actually, during the fistage, the biggest tree is produced
even if certain branches are not really significarite second stage consists of the
pruning of the tree according to a main idea: figdihe tree that optimizes its cost-
complexity with the aim of minimizing the prediaticerror of the model. In order to
carry out this pruning, pruning setis randomly selected before the first stage. Thus,
in CART method, the whole sample is divided inteethpartsgrowing set, pruning
setandvalidation set

The third stage, similar to CHAID, consists of traidation of the model by means
of thevalidation set[Breiman 1984]

Comparison of the CHAID and CART tree induction nietds

Table 1. Comparison between CHAID and CART tree indction methods

Features \ Method CHAID CART

Split factor Independence chi-square test Ginifoment

Pooling N-ary trees Binary trees

Tree size determination  Pruning during the Pruninga posterioriby means
growing stage (pre pruning) of a pruning set (post pruning)

Advantages Efficiency in an Classification’s efficiency
explanatory stage Simplicity of use.

Drawbacks Weak performances in classificatioeak efficiency with low
Complex choice of alpha risk. number of observations.

Assessment of the method

Decision trees are well-known and often used berahey produce clear and
understandable results even for neophyte userghdfarore, they are commonly
known as a “white box” model. Indeed, if the modedvides a result, this result can
be easily understood, validated and implementedr@plications) in a rule engine.
However, decision trees are also well-known foirtipeediction unreliability when
the size of the data set is too low, therefore thkdation set use is absolutely
necessary.

In this work, judging by these previous argumertkee use of decision trees is
appropriate on one hand for the data nature artlenther hand for the formalism of
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the output. Actually, decision tree methods prodes of rules which, as said before,
can be easily validated and implemented in a ruigine. Moreover, the CART
method has been chosen because of its severatiegiaiompared to CHAID: the
efficiency of the classification, the density obduced trees that involves the reliable
prediction ability of the rules. Furthermore, irethase of the CHAID method, the
determination of a good alpha risk is tricky. Indeié the risk is too high, the tree will
be over-adjusted, otherwise it will be under-adjdstThis problem does not occur
using the CART method because of its pruning stagedetermines the optimal size
of tree, therefore provides rules with the bestljgteon capacity in relation to data.

[Nakache 2005, Lebart 2000, Nakache 2003, QuilaB31%Rakotomalala 1997,
Rakotomalala 2005]

Conclusion
Decision trees
Procedure A Procedure B
Step 1 Step 2
2 9 2 9 2 g
Effects new groups Causes groups Causes one effect
Unsupervised, discovery| Supervised: Supervised:
of groups from several causes groups causes one effect
effects
Simple formalization Simple formalization
Type compatibility Type compatibility
Low number of predictors| Low number of predictors
No risk additivity No risk additivity
Conclusion: Conclusion: Conclusion:

1.3.3.9. Association rules

General principles

The association rule learning is a well-known anrellAsnesearched method, which
aims at discovering relationships between varialvleslarge database using different
measures of significance. This method originateghim researches of Piatetsky-
Shapiro [Piatetsky-Shapiro 1991] who describedngtraules discovered in database
and the researches of Agrawal [Agrawal 1993] whooduced the association rules
concept so as to discover relationships betwees sktproducts in supermarket
transaction data.

For instance the association rule learning mettawdprovide rules such as:
Conditionl & Condition2 Outcome
G¢cC O
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How does it work?

First of all, some definitions have to be given. A®@mset is an element set of a
database such as (Conditionl ; Condition2).

Two principal indicators are important in the asaben rule mining: support and
confidence. The support of an association rule esponds to the probability of
appearance of two itemsets at the same &#{@& CC,CO). The confidence of an
association rule is the probability of the outcoampearance knowing the set of
caused?(0O/C,.CCy) .

The main idea of the method is to find out assamatules that meet user-defined
thresholds: minimum support and confidence. Ftret, minimum support is used so
as to find the “frequent itemsets” in the databdsea second time, the minimum
confidence and the “frequent itemsets” are usegbteerate association rules. The first
step is complex because it involves looking forpalksible itemsets in the database
(tem combinations). Although the complexity of theethod grows exponentially
with the number of items, a downward-closure prtpef support can be used in
order to provide efficiency for searching. This peay is defined by the fact that if an
itemset is frequent, then all its subsets are &atgutherefore if an itemset is not
frequent, then all its subsets are not frequents Tgroperty leads to efficient
algorithms such as Apriori [Agrawal 1994].

Several additional indicators are to be used ieotol decrease the number of rules on
one hand, and to select the most statisticallyifsoigmmt ones on the other hand. For
instance, indicators such as lift, conviction [Bii97] are used. Moreover, we also
use the hyperlift and hyperconfidence indicatoet #mable to test the independence
between the antecedents and the consequences wlie.aThe hyperconfidence
indicator is linked to a unilateral exact Fishet&st [Hasler 2007] therefore a
probabilistic aspect has been introduced in the melection. In addition these
indicators have the advantage of being robusteénctise of infrequent items like the
Adverse Drug Events.

Assessment of the method

This method is well-known for its simplicity and itapacity to produce a large set of
rules. Moreover, no data hypotheses are neededhendules produced are easily
interpretable.

However, this method is also well-known for its ion@ant time computing cost.
Indeed, the search of the “frequent itemsets” ig/ teBne-consuming. Furthermore,
this method has difficulties in working with an refuent item because of the
conception of the algorithm, therefore some rubastde significant.

In the present work, this last drawback has beemdad by means of the use of
indicators such as hyperlift and hyperconfidencera@dver, this method produces an
exhaustive set of rules that can be easily valdlaieexperts and integrated in a rule
engine.
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Conclusion

Association rules
Procedure A Procedure B
Step 1 Step 2
0 * 0 " 3 2
O L O w ©) L
Effects new groups Causes groups Causes one effect
Unsupervised, discovery| Supervised: Supervised:
of groups from several causes groups causes one effect
effects
Simple formalization Simple formalization
Type compatibility Type compatibility
Low number of predictors| Low number of predictors
No risk additivity No risk additivity
Conclusion: Conclusion: Conclusion:

1.3.3.10. Latent class analysis

General principles

The latent variable models state that some unobbirwariables exist, for which the
effects can be observed through the covariatesefebd variables). The principal
components in multivariate factorial analysis dre best example of latent variables.
The fundamental hypothesis is that the dependebeeseen covariates could be
explained by the dependence between latent vasiarld each one of the covariates.
That involves the well-known principle of conditanindependence: the covariates
are independent conditionally to the latent vagabl

A general introduction to latent variable modelgiiigen by [Lazarsfeld 1968, Everitt
1984, Bartholomew 1999]. The particular case oégatical latent variables yields
naturally to the question of clustering addressgdNdbcCutcheon 1987, Hagenaars
2002]. If the classical techniques of clustering ar general developed for scalar
covariates, the latent model based approach igpkaty well adapted for categorical
covariates, in particular for binary ones, as is tase in the present work. The
theoretical developments for model estimation @ased on the approach of likelihood
maximization using the EM algorithm.

How does it work?

Let Xy, ...., )% be the covariates with values in {0, 1} observedrostatistical units
andY be the latent variable witk levels (classes). We denote faythe conditional
probability thatXi= 1 for statistical unit belonging to the clgss.e. P(Xi=1|Y=j), for
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all i=1...p andj=1...k. We also denote by the a priori probability to belong to the
classj.

If f(x) is the density of théXy, ...., %) then the principle of conditional independence
yields to:

K .
fx)= p,OpyE-p) ™,
-1

=1

The classification rule is based on the posteriond@ional probability that a
statistical unit withx=(x1, ...., xp)elongs to the clags

A
h(i/x)=p;Q pj (I- p;)"
i=1

The estimation of parameteg and g is performed by the EM algorithm that
maximizes the log-likelihood.

n

L= p,O pim (1~ py)
i=1

h=1 j=1

Thus, the classification rule giving the structwfethe K clusters is given by the
posterior probabilities

~ 2
h(i/x)=p;O pi (T py)" ™,
i=1
an observation (x) being assigned to the largestcated probability cluster.
Assessment of the method

This method is powerful and provides clusters ottarzed by patterns in data
matching observations. It provides simple integien in terms of the
characterization of classes as well as for theioglships between covariates. One of
the main arguments in using it is that it represemte of the best alternatives to the
classification on categorical variables after faeiaanalysis (multiple correspondence
analysis) especially when some modalities arefteggient in the dataset. As with the
K-means method, the number of clusters is fixed@ipgand should be tuned.
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Conclusion

Latent class analysis

Procedure A Procedure B
Step 1 Step 2
& @ & @ 2 2
Effects new groups Causes groups Causes one effect
Unsupervised, discovery of Supervised: Supervised:
groups from several effects |causes groups causes one effect

Simple formalization of
belonging conditions

Type compatibility
Interpretability

Conclusion: Conclusion: Conclusion:

1.3.4. Conclusion of the State of the Artin Data M  ining

In this section, we formulated the characteristieswere expecting from the results
of the data mining process (decision rules). Attefining the different data mining
steps (A, Az and B) we were able to formulate the required attaristics from the
statistical methods to be chosen with respect ¢odita mining steps. Consequently
after the review of several methods, only a fewhods meet all our criteria:

- For step A: hierarchical clustering after factorial analysisd latent class
analysis
- For steps Aand B: decision trees and association rules

Note: Unfortunately, after several months of researttappeared that Procedure A
led to results that were not interpretable accoglio the experts. As a consequence,
the following “methods” section only uses the Prbees B for rule induction, i.e.
decision trees and association rules.
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1.4. The PSIP Project

1.4.1. Project summary

Adverse Drug Events (ADE) caused by product safetyblems and medication
errors caused by Human Factors are a major Pulgiadtiiissue. They endanger the
patients’ safety and generate considerable exspitab costs.

Healthcare Information and Communication Techn@sg{ICT) applications may
help to reduce the incidence of preventable ADBs,poviding the healthcare
professionals and patients with real-time relewalsatts, information and knowledge
(guidelines, recommendations, etc.). But theircedficy is impeded by the lack of
reliable knowledge about ADEs and the poor abibfylCT solutions to deliver

contextualized knowledge focused on the problenhaaid, aggravated by a poor
consideration of causative human factors.

The project Patient Safety through Intelligent chaes in medication (PSIP) [PSIP
2010] is a European project funded by the Eurogeesearch Council [ERC 2010,
FP7 2010]. It follows two objectives:

1- to facilitate the development of knowledge on AREd

2- to improve the medication cycle in hospital envirants.
The first objective is to generate knowledge on ADR& know, as accurately as
possible, per investigated departments in hosmgtners, their number, type,
consequences and causes. Data mining of the gswdchospital data bases, and
semantic mining of the free-texts (letters and reg)penable to identify ADEs and to
give them a context, with frequencies and probiadsli thus giving a better
understanding of potential risks.
The second objective is to develop a set of inneednowledge based on the mining
results and to deliver a contextualized knowledtimd the local risk parameters, in
the form of alerts and decision support functiofise consortium will focus on the
context handling to provide contextualized PSIPrtaléo the medical staffThe
design and development cycle of the PSIP solutidiroe HF oriented.

1.4.2. Project objectives

The overall PSIP projeageneral objectivesare to develop services (procedures,
decision systems, prototypes) that:

Identify, by State-of-the-Art Data and Semantic Mg techniques,
Healthcare situations where patient safety issét ri

Improve the decision support tool related to thelication cycle

Deliver usable, efficient and contextualized alaatsl just-in-time relevant
information to healthcare professionals and patient

Demonstrate a significant reduction of patient fizska subset of diseases and
practices in the hospital setting

Implement standardized knowledge based tools.
More in detail scientific objectivesare:

To get a better knowledge of the prevalence of AD&wl of their
characteristics, per hospital, per region, per tgqun
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To develop concepts and methods to achieve theexi@dization of CDSS
functions

To model the architecture enabling both the inddpany and the interrelation
between the knowledge (CDSS modules) and the ctingeapplications
(HIS, CPOE).

Technical objectivesare:

To run semi-automatically data and semantic minteghniques on existing
healthcare data repositories

To develop a platform incorporating the CDSS moslaled easy to connect to
healthcare IT applications primarily CPOE

To design and develop a support system for heakhmafessionals prototype
integrated in the medication workflow

To design and develop a support system prototypeetp patients monitor
their medication process.

The project PSIP addresses these objectives asvioll

1. The PSIP project will apply innovative concepts anethods to improve the
existing knowledge on adverse events by mining data repositories of
Hospital Information Systems (HIS) or CPOES. Thil @nable to tackle the
actual ADEs occurring in a given healthcare envmment and to provide the
healthcare professionals with a context-depencdhdotmation.

2. The PSIP project will develop contextualized-CDS8dmies (CxCDSS) for
all four main actors in the medication cycle: theygician in charge of the
decision making and the ordering stage, the phasmat charge of the
validation and the dispensing phase, the nursbange of the verification and
administration phase, and the patient who finalgeives and ingests (or not!)
the drug.

3. The project intends to provide a proof of conceptio independent CDSS
platform to support and secure the medication cydaally accessible to
various healthcare IT applications such as CPQgteseribing, HIS, Clinical
Information System (CIS), Electronic Health Rec(fHR), etc. whether they
are commercially available or locally (“home-growieveloped.

4. The PSIP project will adopt a Human Factors Engingeapproach to the
design of the CDSS system and of its Human Compunirface. This
particular approach will encourage healthcare gifmals to use the system
and minimize the emergence of unexpected technatlwljyced negative
effects.

1.4.3. Structure of the project

The PSIP project is divided into 3 stages:
Stage 1 is dedicated to “improving knowledge oneasl¥ events”
Stage 2 aims at developing “clinical decision suppgstems”
Stage 3, for “integration in existing IT solutioasd usage”.

Each Stage is divided into Workpackages (WPs) destron Figure 10: WP1-3 for
Stage 1, WP4-6 for Stage 2 and WP7-10 for Stagen®. WP (WP11 and WP12)
handle the human factors engineering and evaluatibalong the duration of the
project. In addition, a supplementary WPO is deditdo the overall management and
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the quality management of the project, and a laBtL8will handle the dissemination
and exploitation tasks.

The activity within the project starts with workirmn existing material resources
brought in by all the partners. These material ueses are data repositories of
healthcare records and of Adverse Events, exisiiy solutions running in the
participating hospitals and/or developed by theustdal partners, existing data and
semantic mining techniques mastered by the acadeags, existing pharmaceutical
knowledge on work processes and healthcare orgamzabrought in by Human
Factors teams.

The present work is mainly performed as a parheffirst stage of the PSIP Project:
“improve knowledge on adverse events”. It aimsathgring routinely collected data
from several hospitals’ EHRs into a common repogjtanalyzing those data in order
to detect ADE cases, and producing knowledge aB@Es, mainly in the form of
ADE detection rules.
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Figure 10. Description of the architecture of the BIP project
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1.5. Objectives of the present work

General objective

The general objective of the present work is tonidg, in databases and data
collections, expected or unexpected Adverse DrugnEys and their link with the
demographic, medical and therapeutic data of patiefhis objective has to be
reached in the absence of any ADE declaration, ndiining routinely-collected
data. Data Mining [Adriaans 1996] of the large ncatlidatabases of HIS or CPOEs,
and Semantic Mining of the collections of free-segbcuments will be used for that
purpose.

That general objective consists of 2 sub-objectives

1- to automatically detect cases of Adverse Drug Esvantd compute statistics to
provide epidemiological knowledge about those cases

2- to identify decision rules that are able to be use@ different purposes:

a. for ADE detection: the rules have to provide thditgtto be used to
mine thousands of past hospitalizations in ordeldémtify potential
ADE cases

b. for ADE prevention: the rules have to provide thdity to be used by
a Clinical Decision Support System to prevent AOBsidentifying
risky situations during the prescription processl &y alerting the
prescriber

Operational objectives

To explore large databases we will use statistitathods and Data Mining

techniques. The Data Mining techniques will be @nefd to identify adverse events in
the Hospital databases as they tend to be morestrothen applied to “messy” real
world data.

A rule-induction process will try to link some oatoes with the characteristics of the
patient (age, gender, type of disease, drug infakeratory parameters) in order to
identify at the same time ADE detection or prevamtiules, and potential ADE cases.
Several statistics such as the probabilities oupenice will be computed. In some
cases, when no data is available from the CPOEsgdta mining task will be made
possible by the use of semantic mining to retridweg names from the free-text
collections.

The rules will have to be filtered and validateddxperts to make sense and to limit
their number. At the same time, the rules will becampanied by validated
explanations.

The potential ADE cases will have to be verifiedr Ehat purpose, additional tools
will be designed for the review of the cases. Inlébe case-validation process will
rely on the complete analysis of the patients’ rdsdo assess the real occurrence of
adverse events. This review will be performed byliced experts.

Close contacts with the people involved in the rs#&ps of the PSIP project will be
necessary to provide a usable output. Indeed, titgud will be defined and fully
structured in the form of XML files that will be dded on-the-fly by the different
software programs that will use them, such as a&£DS
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The final activity of this task is to develop seautomatic Data Mining techniques
that will explore regularly the patients databaséshospitals in order to detect
automatically if adverse events continue to ocaunat, and if new adverse events
can be detected, when a new drug is prescribedhen a new technique is used. B
By doing that, this work will guarantee the reguli@date of the system and will also
prepare the impact assessment of the tools.

1.6. Ariane’s thread

In order to make the reading of the material, méthond results chapters easier, an
“Ariane’s thread” is displayed at the beginningeatch chapter (Figure 11).

/i\
2)
Data /éutco mes
3
Data Additional
rules

Rules RuIeS/
/  N\(q)

Figure 11. Ariane’s thread

The present study consists of several steps. Data $everal hospitals are uploaded
onto a data repository that fits a defined data eh@ldbel 1 on Figure 11). Some
ADE detection rules are extracted from the Sumrsaak Product Characteristics
(SPCs) (label 2 on Figure 11). An ADE detectioreruiduction is performed by
means of data mining (label 3 on Figure 11). Thap suses the data from the
repository and a list of outcomes extracted from3PCs. The rules generated by data
mining are described and loaded into a rule repositiabel 4 on Figure 11). Some
other rules from SPCs are added. The rules fromrépesitory are automatically
evaluated against all the available data from #ta depository (label 5 on Figure 11).
Finally, the rules, their statistics and the orajidata are loaded into several web tools
that allow for ADE detection and potential ADE casxploration (label 6 on Figure
11).
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2. MATERIAL

2.1. Overview

The “Material” chapter consists of two main pafg(re 12).

First, data are extracted from several hospitatkaae used to feed a data repository.
For that purpose, a data model is designed (lab@h the right part of Figure 12,
section2.2 of this chapter). Unfortunately, in some hadpitthere is no CPOE: in
such cases, the drug codes are extracted frontdréeeports (label 2 on Figure 12,
section2.4 of this chapter).

Then, summaries of product characteristics aredodldbel 3 on Figure 12). They are
used to extract a list of outcomes and some additiales.

< Data repository:

Hospital A Hospital B

iﬁﬁﬂﬁﬁﬂﬁﬁﬂﬁﬁi HOSpital B
Data ...} Additional _"@
Rules IRuIes @ @

Common data model

VL

tatistics,” T
o Ej

Figure 12. Ariane’s thread — Available data and SP€
(right part: details about the data repository)

The different sections of the present chapter pviisent the steps described above:

Section2.2: the definition of a common data model

Section2.3: the extraction of the data into a common depmsitory that fits
the data model

Section2.4: the enrichment of the data by extracting drodes from free-text
reports in some specific datasets

Section2.5: the extraction of ADE detection rules from th@mmaries of
product characteristics.
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2.2. Definition of a common data model

In order to perform data mining in past hospitdlaas from different hospitals, it is
mandatory to design a common way to describe #s stvhatever their origin. For
that purpose, a data model is first defined in ptdegroup together all the records
from the various hospitals involved in this workdato structure the data into a
common data repository.

2.2.1. Consideration about normalization

In order to define the data scheme, a compromisetdnde reached from all those
considerations (Figure 13). That compromise ishreddy means of exchanges with
physicians, computer scientists and statisticiamEerning two main axes:
- Cardinality of the scheme (number of tables):
o |If the data scheme contains fewer tables and oalstiips, the data
quality control is made easier, as well as the datang.

o If the data scheme contains more tables and rektips, the data are
closer from the native scheme, the extraction seeand with fewer
errors, and the scheme is more stable over time.

- Number of columns (fields):

o If there are more columns, more data are availablell as calculated
fields that allow for multivariate quality control.

o If there are fewer columns, the extraction is figstath fewer errors,
and the various datasets provided by the diffepamtners are more
likely to be compatible with each other and overdi

Less tables & relationships

Less columns
E_E More columns

<

More tables & relationships

===

Figure 13. Compromise to reach in building a commowlata mode

When computer scientists are in charge of desigthegdata model of a production

database, which is used in the daily processingansactions, there is no doubt that
the data model must be as normalized as possiblendlization is a systematic way
of ensuring that a database structure does now do any data redundancy, those
redundancies being able to lead to a loss of dda#yiity in the case of insertion,

update or deletion queries [Codd 1990]. UsuallyteDEO99], a relational database is
described as “normalized” when it fits the Thirdr@l Form as defined by Edgar F.
Codd [Codd 1972].
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However, in some cases, selective denormalizatonbe performed for performance
reasons [Date 2005]. This is mainly encouragedhénfield of data warehouse design
[Kimball 2002] in case the database is not desigoedransactional use, especially
when the data are never partially updated. Theeptepository is supposed to be
used only for reading purposes. The update of éte id performed by deleting all the
records from a hospital and writing them again ggircomplete data export. There is
no partial update of the data and, as a consequeaqgmtential loss of data integrity
even if the data model is not fully normalized.

In addition, denormalized data models that allowseveral redundancies in the data
provide important features for the data quality agement. This point will be
detailed hereafter.

2.2.2. Available data

EHRs seem to be the best data source in the fiekD& detection [Gurwitz 2003,
Jalloh 2006]. The aim is here to define a data rmatlewing for simple import of
data from EHRs. A review of the available dataesf@rmed to answer the following
guestions:

- What structured data are available in the EHR ohgmartner?

- What part of those data is mandatory in most caestrdue to the
administrative payment system?

- What part of those data should be available sihgée the simplest way to
describe information?

- What part of the data could be unreliable or urietalser time?

Then a review of data schemes and cardinality iopeed to answer the following
questions:

- What would be the simplest way to store laboratagsults, drug
administrations, diagnoses, demographic and adtratiige information?

- Are the available data schemes of the partners tableed such a relational
data scheme?

2.2.3. Terminologies

Terminologies are a standard way to label or dedegnoncepts. In the medical field,
terminologies allow for describing the non-quari@a knowledge that is available
for a given patient. For instance, diabetic cataraan be described using the code
“H28.0” from the ICD10 instead of various free-tesyfnonyms. In the present work,
terminologies are useful to standardize the deserippf medical diagnoses, medical
procedures, laboratory results and drug prescripticA review of the encoding
systems enables us to choose common terminologies.

Diagnoses are encoded using the ICD10 [WHO 201D ({Bjernational statistical
Classification of Diseases and related health prob| 10th Revision) of the World
Health Organization.

Diagnoses related groups (DRGs) are encoded ubedrriench or Danish national
terminologies. The choice of the classification flo®t have any impact since the
groups are only used to compute aggregated statiitiat are used in their turn
instead of the DRG itself: expected death frequeaegrage length of stay, expected
ICU frequency, etc.
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Drugs are encoded using the ATC [ATC 2009] (Anatahiand Therapeutic
Classification). That classification is not the mpsecise one but its precision was
sufficient for statistical analysis. Moreover itvigdely used.

Lab results are encoded using the C-NPU classdicat(Commission on
Nomenclature Properties and Units) of the Inteamati Union of Pure and Applied
Chemistry [IUPAC 2010]. That classification is useyl our partners and is chosen
because of its ability to take into account unitstte opposite of other popular
classifications. That point is mandatory to detdmtormal laboratory values.

Medical procedures are encoded using local Frendbaaish classifications. Within
the project it is not possible to enforce a comragstem. However the limited uses
allows considering partial handmade mappings.

2.2.4. Description of the data model

Figure 14 shows a simplified representation of fihal data scheme. In the figure,
fields are replaced using groups of fields.

2-Steps or the stay 3- Diagnosis

2041 3.1 Keys

3-2 Diagnosis

N ) 2-1 Keys

2-2 Medical units
1-Stays N 2-3 Misc.

1-1 Keys
1-2 Patient

1-3 Intensive care v, N3¢ | 5-Drug prescriptions
1-4 Medical units 9\ -
) 5-1 Keys 4- Medical procedures
1-5 Dates, duration
) 5-2 Drugs
1-6 Misc. 19 - 4-1 Keys
4-2 Medical procedures

oY

£’

6- Lab results

6-1 Keys
6-2 Lab results

>
7- Reports 11 L1 Physical I
files

7-1 Keys
7-2 Reports

8- Semantic mining

8-1 Keys
8-2 Codes

Figure 14. Simplified representation of the data dteme

The“1- Stays” table contains one row per stay (hospitalizateomj mainly describes
administrative and demographic information. Oney stan be made up of one or
several steps (emergency room, intensive car caitliology department, etc.). The
“2- Steps of the staytable contains one row per step. Diagnoses andcailed
procedures are linked to the steps of the stays.

The data mining is performed stay-wise and detaitkin the day level are ignored.
For a given stay, drug prescriptions must be sumupeday per day in respect with
the administered drug. Drugs corresponding to sev&TC codes should be
duplicated. Formally speaking, the doses of thgslare summed and grouped by the
{id_hospital, id_stay, date, drug_name, ATC_coda}jque quintuplet into the table
“5- Drug prescriptions”.
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In the “6-Lab results” table, one row corresponds to one measurementnef o
laboratory parameter at a given time. Each recbadilsl contain the normality range
(upper bound and lower bound) as provided by therktory for each measure when
this range is available. For a given parameter givan hospital, those bounds may
vary from one measure to another according to dimtrthat is used and to its
calibration period.

Every free-text report is stored as a physical lilkked to its stay by means of a
specific table named7-Reports”. In some hospitals, semantic mining is used to
extract ICD10 and ATC codes from the reports, sashhe discharge summary. A
specific table enables to register those cot&Semantic mining’

The required data do not contain any nominativeimadirectly nominative data such
as birth date, ZIP code or exact dates.

The data scheme describes 8 tables from which @eaieated to free-text reports and
89 fields from which 60 are not identifiers. Theldi list is shown in Table 2, Table 3,
Table 4, Table 5, Table 6, Table 7, Table 8 & Tahlélhe original version of the
scheme description is complemented by detailedrigien of each field, but those
detailed descriptions are not printed in the presrtument. That data scheme is
complemented by physical files for the free-textars.

This data model has been published [Chazard 200@uid is already used in another
research project named AKENATON [Akenaton 2010]JisTgroject is funded by the

ANR (the French national research agency) and ddtismanaging the alerts of the
devices that are used in telecardiology.

Table 2. The hospital stay table

Group Field Field (long name) origin kind
Keys id_hosp Hospital ID number constant ID number
id_stay Stay ID number database ID number
id_patient Patient ID number database ID number
id_stay_mother If it is a childbirth, the ID of thedatabase ID number
mother's stay
id_stay_newborn If it is a delivery (childbirth), database ID number
the ID of the newborn's stay
Patient age Age database years (float)
gender Gender database 0/1
drg Diagnosis Related Group database DRG code
death_01 Death during the stay database 0/1
death_exp Expected frequency of death ithe proportion in  proportion,
this DRG the whole hospital float between
for the curent Oand1
DRG
geo_state 01 Does the patient usually live irconstant 0/1
the hospital's country (state)?
geo_region_01 Does the patient usually live irgeographic 0/1
the hospital's region? reference
geo_dpt_01 Does the patient usually live ingeographic 0/1
the hospital's department? reference
p_diag Principal diagnosis database ICD10 code
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drg_eff Number of stays used to the number of integer
compute the various DRG- stays computed in
based statistics (duration_exp, the whole hospital
deth_exp, duration_icu_exp, for the current
throught_icu_exp) DRG
ICU through_icu_01 Taken care of in intensive database 0/1
care/resuscitation unit?
through_icu_exp Expected frequency of stays the proportion proportion,
with intensive care or computed in the  float between
resuscitation for this DRG whole hospital for 0 and 1
the current DRG
duration_icu Duration in an intensive care odatabase days (integer)
resuscitation unit
duration_icu_exp Expected duration in an the average days (float)
intensive care or resuscitation duration
unit computed in the
whole hospital for
the current DRG
saps Simplified Acute Physiological database integer
Score, ¥ version (Gravity
score)
duration_icu_sd Standard deviation of the the std dev of the days (float)
duration in an intensive care or duration
resuscitation unit computed in the
whole hospital for
the current DRG
delay_icu Delay before ICU or database integer
resuscitation step
Places nb_mu Number of medical units database integer
visited during the stay
back forth 01 Back and forth between database 0/1
medical units
from_emergency 01 Was the patient admitted by agatabase 0/1
emergency unit?

Dates duration Duration of the stay database days (imjege
duration_exp Expected duration for the stayshe average days (float)
of the current DRG duration

computed in the
whole hospital for
the current DRG
delay_next_hosp Delay up to next hospitalization tallase days (integer)
duration_sd Standard deviation of the the std dev of the days (float)
duration for the stays of the duration
current DRG computed in the
whole hospital for
the current DRG
Misc nb_th_mdc Number of different theoreticaltable "steps of the integer

MDCs (Major Diagnostic
Categories)

stay"

transfer_entry 01 Transfer from another hospitadatabase 0/1
(whatever the kind)
transfer_01 Transfer to another acute caredatabase 0/1

hospital
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nb_proc Number of different medical database integer
procedures
nb_diags Number of different associateddatabase integer
diagnosis
weight Weight of the patient database float
Table 3. The steps of the hospital stays table
Group Field Field (long name) origin kind
Keys id_hosp Hospital ID number constant ID number
id_stay Stay ID number database ID number
id_step_stay StayStep ID number database ID number
id_patient Patient ID number database ID number
Places mu Medical unit of the step database name
icu_01 Is it an intensive care unit? database 0/1
emergency_01 Is it an emergency room? database 0/1
Misc saps Simplified Acute Physiological Score, database integer
2" version (Gravity score)
p_diag Principal diagnosis of step of the stay 07333 ICD10 code
th_mdc Theoretical MDC of the principal external ICD integer
diagnosis related table
weight Weight of the patient during the step dasaba float
step_stay_rank The rank of that step in the stdgr(the database integer
first step, 2 for the second one, ..., k)
duration Duration of the step of the stay database days (integer)
Table 4. The diagnoses table
Group Field Field (long name) origin kind
Keys id_hosp Hospital ID number constant name
id_stay Stay ID number database ID number
id_step_stay StayStep ID number database ID number
id_patient Patient ID number database ID number
Diagnosis diag Associated diagnosis database [€300]i 2]
Table 5. The medical procedures table
Group Field Field (long name) origin kind
Keys id_hosp Hospital ID number constant ID number
id_stay Stay ID number database ID number
id_step_stay StayStep ID number database ID number
id_patient Patient ID number database ID number
Procedures  proc Medical procedure database act code
delay_proc Delay between the entry and thedatabase Days (integer)

procedure execution
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Table 6. The drug table

Group Field Field (long name) origin kind
Keys id_hosp Hospital ID number constant ID number
id_stay Stay ID number database ID number
id_patient  Patient ID number database ID number
Drugs name Commercial name database name
atc ATC Code external drugs related name
table
delay _drug Delay between the admission and thiatabase Days
administration (integer)
dose Total drug dose administered duringdatabase number
the current day
unit Unit used for the total dose database name
route Route database name
Table 7. The lab results table
Group Field Field (long name) origin kind
Keys id_hosp Hospital ID number constant ID number
id_stay Stay ID number database ID number
id_patient  Patient ID number database ID number
Lab delay bio Delay between the admission database Days (integer)
and the sample
chpu C-NPU identifier (IUPAC) of database or external joint string
the setting (NPU01685...)
value Value database float
unit Unit used for the value database string
up_bound  Upper bound database float
lo_bound Lower bound database float
Table 8. The reports table
Group Field Field (long name) origin kind
Keys id_hosp Hospital ID number constant ID number
id_stay Stay ID number database ID number
id_patient Patient ID number database ID number
Reports kind Kind of text database String
filename Filename database String
Table 9. The semantic mining table
Group Field Field (long name) origin kind
Keys id_hosp Hospital ID number constant ID number
id_stay Stay ID number database ID number
id_patient Patient ID number database ID number
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Codes terminology Terminology or external terminologies String
nomenclature name

kind Kind of text database String
code Code of the term external database String
term Name of the term external database String

2.2.5. Iterative quality control

Each table and field of the data model is compldeterby a quality control
procedure. The quality control is iteratively pened at each data extraction. Its goal
is not to improve the datasets themselves, butetectl abnormalities in order to
improve the extraction mechanisms of each hospitad quality control consists of
several checks that depend on the nature of tlisfie

Unary checks apply to each value apart from therstre.g. each cell of a table. Two
unary checks are applied:

- Concerning the nature of the value:

o Is each value compatible with the expected type® ddta types can be
either numeric (binary, integer, float) or stringh&racterless or
matching a specific pattern such as ICD10 codes)

- Concerning the value itself:
o If the value is a number, does it match the audeorrange?
o If the value is a string, is it in the list of aotized values?

Some other checks apply to whole vectors, e.gnwoar several columns of a table.
Several checks are applied:

- Univariate distribution:
o If the variable is numeric, is its histogram pldus?

o If the variable is a qualitative variable, is theogortion of the
categories plausible?
- Multivariate distribution:
0 Are conditional distributions plausible? Let Y bejaalitative variable
or a set of classes of a quantitative variable{¥1, ..., Y}. Is the
distribution of X knowing that Y=Yconsistent with the valug;%¥

Table 10 shows an example of quality control appteéea numeric variable, which is
the age of the patients. Table 11 shows an exaofptgiality control applied to a
string variable, which is the principal diagnosigie patients.

Table 10. Example of quality control and abnormal @lues for a numeric variable such as the age

Quality control Example of incorrect result
Incorrect nature of the value Age=“old”
The value is not a number
Value out of range Age=132
The number is too low or too high | |_+.! .....
0 120

Automated detection of Adverse Drug Events by Dditging of Electronic Health Records
Emmanuel Chazard, PhD Thesis Page 57 of 262



Incorrect univariate distribution
Each value is valid but the distribution is
not plausible A—'

100 120

Incorrect multivariate distribution

The total distribution is plausible, but the
conditional distribution is not correct.

I

80

dashed line: department=pediatrics
plain line: departmerfpediatrics

Table 11. Example of quality control and abnormal ®alues for a string variable such as the
principal diagnosis, encoded in ICD10

Quality control Example of incorrect result
Incorrect nature of the value Diagnosis="AF352”

The value doesn’t match a given pattern or is nsfrimg

Value out of range Diagnosis="D80.9”

The value looks legal but the code doesn’t exist

Incorrect univariate distribution P(“146.9”) = 60%

The proportion of a given value is abnormal 146.9 = cardiac arrest
Incorrect multivariate distribution P(“080.0" | age >80 ) = 10%

The proportion of a given value looks plausible Bunhot G80.0 = Spontaneous vertex delivery
compatible with a chosen subgroup

In addition, the redundancy of the denormalizec aabdel allows for supplementary
quality control checks. For instance, the fieldifg through ICU” and “ICU
duration” are strongly linked:

- if “going through ICU"=FALSE, then “ICU duration”=0
- if “ICU duration”>0 then “going through ICU’=TRUE

2.3. Data extraction

Data extractions are performed to feed a commoosigpy. The extracted data have
to fit the data model defined above. An importaainp is that no data have to be
specifically recorded for the project as only raaty collected data are used. Those
data include:

Medical and administrative information, e.g. agender, admission date, and
medical department.

Diagnosis encoded using the™i@vision of the International Classification of
Diseases, ICD10 [ICD 2009]

Medical procedures encoded using national classifios, including
therapeutic procedures (such as surgery) as wetliagnostic procedures
(such as Magnetic Resonance Imaging)
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Drugs administered to the patient, encoded usiegAthatomical Therapeutic
Chemical (ATC) classification [ATC 2009]

Laboratory results encoded using the IUPAC classion (International
Union of Pure and Applied Chemistry) [IUPAC 2010]

Free-text records, such as the discharge letter
Data extracted from EHRs are provided by the hakpinvolved in the project. An
iterative quality control of the extracted dataperformed in order to improve the
extraction mechanisms. The present work is perfdrmesing 92,686 complete
records from six hospitals. The records always include $he previously defined
kinds of data. In Lille and Rouen, drug-relatedomfation is extracted from the
reports and not from any CPOE. The dataset mosthgaern cardiologic or geriatric
units:

Frederiksberg Hospital (RegionH, Denmark): 21,33dords

Nordsjaelland Hospital (RegionH, Denmark): 23,06Gords

Denain General Hospital (France): 39,010 records

Lille University Hospital (France): 7,711 records

Rouen University Hospital (France): 1,367 records

In the Denain Hospital, the data extraction is m#ted in order to refresh the
repository every month. The complete dataset alfowa 4-year follow up.

2.4. Extraction of the drug codes from the free-tex  t reports

2.4.1. Objectives

In this work, ADE detection mainly uses administratinformation, diagnoses and
lab results from the EHR, and information about enlstered drug extracted from the
CPOE (left part of Figure 15). Unfortunately, mangspitals still don’t have any

CPOE. In the datasets extracted from the Lille Roden university hospitals, there
are no structured data about drug administratiansdch a situation, a semantic
mining tool called F-MTI is used in order to extratug names from the free-text
records (right part of Figure 15). Then, the drugles are used as if they were

retrieved from the CPOE.
Free-text
records
cror
EHR: admin. data, CPOE: E-MTl indexer
diagnoses, lab results || Drugs

/ Drugs
ADE Potential ADE Potential
- = ) N _ ,
Rules I detectio ADE cases Rules I detectio ADE cases

Hospital with a CPOE Hospital without CPOE

EHR: admin. data,
diagnoses, lab results

Figure 15. Rule-based detection of ADEs with a CPOHeft) or without CPOE (right)
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2.4.2. The F-MTI tool

2.4.2.1. Presentation

The French Multi-Terminology Indexer (F-MTI) [Per@i2008, Pereira 2009] is an
automatic indexing tool based on a multi-terminglagntext. This is the first tool
which is based on a multi-terminology context deped in another language than
English. In English, the best-known automatic indgxtool is MTI from the US
NLM. F-MTI was developed during collaboration beemeCISMeF and the Vidal
Company. It is the intellectual property of the #icCompany.

The F-MTI tool has recently been enriched using foew terminologies devoted to
drugs: the Anatomical Therapeutic Chemical (ATCagSlfication (N=5,514), drug
names with international non-proprietary names (JMNd brand names (N=11,353),
the Orphanet thesaurus for rare diseases (N=7&##the chemical substances and
pharmacological action terms of the MeSH Suppleargn€Concepts translated into
French by the CISMeF team (N=6,505 out of over @8B). The terminologies and
classifications around drugs and medical device lmeen provided by the Vidal
Company.

2.4.2.2. Functioning

F-MTI is called via a Web API, where the terminakxyand the languages used for
indexing can be selected. The results are retumeld ML, TXT or XML.

For each discharge letter, the document is firskdm into sentences. Then each
sentence is normalized (accents are removed, atlsrare switched to lower case and
stemmed...) and stop words are removed to form aobagprds containing all the
content words. The “bag” thus obtained is matcmetpendently of the order of the
words against all the terminology terms that hasenbprocessed in the same way. All
terms formed with at least one word of the sentemeeaetrieved. Longer matches are
preferred to shorter ones. All these candidate ximdeterms are restricted to the
semantically closest ATC and ICD10 terms using nragp F-MTI can index a
discharge letter in less than 1 second.

A phonemization algorithm has been developed ttacepstemming, to improve the
system and solve some mistakes found in the prevéemaluations. Indeed, F-MTI
encountered difficulties to recognize brand names tb incorrect spelling of the
names in the discharge summaries. Some brand namesritten improperly with
dash ("-") or underscore ("_") or with an incorrepiace " " (e.gdi-antalvic diffu k,

di hydan cacit D, calcidose vit D co renite¢. Conversely, some brand names were
written without dash ("-") or underscore (*_") ggase (" "), as they normally should
have to (e.g.chibroproscar instead of chibro-proscar bipreterax instead of
bipreterax.

Brand names are particular as they don't followFnench syntax. Brand Names can
have English or Latin origins and in the spellitgyt don’t mean anything at all.
That's why using stemming (removing suffixes frohe tword) is logical for terms
like those from ICD10 but not for brand names. Amotalternative to using the exact
word is the use of a phonemization algorithm. Phamration [Brouard 2004] is based
on the pronunciation of a word dependent on thguage. The word is transformed
into the corresponding list of phonemes. This metkaables to take into account
some incorrect spellings like “Eupanthyl” and “EnpH.
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The algorithm was significantly changed to addriéss specific purpose of brand
names’ recognition. Specific English, Latin and Rwonpronunciations were taken
into account (“free” equals “fri”, “chol” equals &{’, “I” equals “un”, etc.). Some
abbreviations were added (“vit” equals “vitamingingle letters (“PH”) were kept.
The problems of dash, underscore and space wevedsela alternative spellings.
Some common words were removed (the brand name "RégRals “par”). And
finally some items of the discharge summary weretaken into account: “way of
life” and “exams” that can produce some noise @ittdexing.

2.4.2.3. Terminologies and languages

F-MTI includes 22 terminologies:
- Drug-related terminologies:
o DCI (fr) for international names
0 NC (fr) for commercial names
o WHO-ATC (fr/eng/dk):  Anatomical Therapeutic = Cheniica
Classification System (n=5,592)
- Patient safety-related terminologies:
o MedDRA (en) (n=19,862) [Northrop Grumman 2010]
o NCCMERP (eng) (n=468)
o PSIP taxonomy (eng) (n=320)
o WHO-ART (fr, eng): Adverse Reactions Terminology=8w483
[WHO 2010 (2)]
o WHO-ICPC (fr, dk, eng, du) International Classifioa for Patient
Safety (n=647 in English and n=392 in French),

- Other terminologies: ACTS, CCAM, CISMeF thesaur@adimed, DRC,
ICD9, ICD10, ICPC2, IUPAC, LPP, MedlinePlus, MeSHJeSHSC,
SNOMED3.5, TUV, VCM, & WHO-ICF

F-MTI also includes 27 equivalent mappings. The piags are links between terms

having the same meaning in different terminologiesM Tl manages 6 different
languages: French, English, Spanish, Portuguesesiband Dutch.

2.4.3. Main use of Semantic Mining in the presentw  ork

The semantic mining methods employed here are exppdi unstructured documents
and reports for information retrieval purposesrieging ATC codes from free-text
records when no CPOE is available. Then, the appradopted in this work is to use
the retrieved information as complementary to time @vailable from structured
hospital records and to inject it in the phase DEAdetection. In this regard, semantic
mining (as a knowledge source) is therefore embetddéhe Data Mining source. As
a consequence, apart from the F-MTI evaluation thgberformed hereafter, the
semantic mining is not visible in the results ¢ giresent work.

The interest and the reliability of Semantic Minirgyevaluated in the sectidlB
(Appendix 5: validation of the use of Semantic Ninfor ADE detectionpn page
219.
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2.5. ADE detection Rules extracted from the SPCs

2.5.1. General content

In this stage, ADE detection rules are extracteomfrsummaries of product
characteristics. This will be useful (1) in orderget an exhaustive base of “official”
ADE detection rules and (2) in order to get a ¢difbutcomes that might result from
ADEs.

The aim is to incorporate knowledge on ADEs thaivailable in existing databases
maintained by pharmaceutical companies or relajetd@es. Such a database is made
available by the Vidal Company, a partner involuethe PSIP Project. This database
has been maintained for many years and contains#mals of possible risks related
to drugs. The main sources of information come froternational publications,
health agencies (AFSSAPS, HAS), workshop groupsdetjnes (AFSSAPS’s
interaction thesaurus), and summaries of produatacdteristics (SPCs) provided by
AFSSAPS, EMEA, FDA and others. These sources pmduarticularly reliable
information, allowing the Vidal Company to produstate of the artinformation
about drugs.

The database contains many types of interactiona feery large number of drugs,
which results in a huge number of combinations andnem and therefore
corresponds to a huge number of possible eventsinBtance, 125,000 rules deal
with drug-to-drug interactions and enables to gatee?,500 different alerts.

Those rules indicate the danger of interactions/éen drugs or contra-indications for
drugs in specific circumstances. The rules may ltmlo drugs regarding the

interactions between them, or may link one drudhwitparticular diagnosis, allergy,
laboratory value, or patient characteristic. Thauleof the rule is a description of the
possible adverse effect and, depending on the df/pele, can also include a degree
of severity or a suggestion for action.

2.5.2. Format of the rules

The knowledge content provided by the Vidal Compemrysists of a small number of
general types of rules. Each type of rule consaftdswo conditions, and each
condition is expressed on the basis of a specdiameter (e.g. drug, expressed as
ATC code). By assigning values to these paramééegs ATC= A02ABO03), a large
number of rules are created as instances of edehtype. The values of the rule
parameters are stored in some tables and the ¢mittdrese tables can be considered
as the actual knowledge.

All the rules provided by the Vidal Company can described through 9 different

generic types. These 9 types consist of drug tg dnteractions, drug to diagnosis
interaction, drug to medical information (i.e. afg) interaction, drug to laboratory

result interaction, etc. The rules always assoctatgether 2 conditions and a

description of an interaction or an outcome. Th&ay of those rules and an example
are presented hereatfter:

Kind of rule
r-atc-atc

The conditions are two ATC codes. When those ditgprescribed together, the rule fires:
there is a drug-to-drug interaction.

Automated detection of Adverse Drug Events by Dditging of Electronic Health Records
Emmanuel Chazard, PhD Thesis Page 62 of 262



Conditions

Drug(ATC1)=1 & Drug(ATC2)=1 & ATC-ATC([ATC1],[ATC2] )=1

The first drug matches ATC1 code. The second datghas ATC2 code. An interaction is
registered in a lookup table including pairs of JrATC codes.

Effect

IAM(ATC-ATC([ATC1],[ATC2]) [id-IAM])

The rule detects a drug to drug interaction. Irstbase, the effect is a contra-indication
(IAM). The description and the “conduct to takeoilmiccount” is found in a lookup table from
the effect code (id-IAM). The code of the inteactiesults as a function of the ATC codes of
two drugs. This function is implemented as a lodialpte associating pairs of ATC codes and
effect codes.All possible effects are listed ardkdo

Example

A02AB03 & BO1AC30 =>194

If a drug with ATC code A02ABO3 is prescribed fmasient, then the prescription of drug with
ATC code BO1AC30 triggers id-IAM contraindicatioithacode 194.

The rule type in the example above is instantidtedxecutable rules by assigning
values to its parameters from a table, such aseTaBl Each row of this table
associates the combination of two drugs (with ATddes ATC1 and ATC2) with a
specific interaction (with ID code id-1AM).

Table 12. Example of ATC-to-ATC interaction table.For each pair of ATC codes,
the identifier of the interaction is provided if aninteraction is described

ATC1 ATC2 id-1AM
AO1AB09 | BO1AAO03 181
AO1ABO9 | BO1AAO7 181
AO1AB17 | BO1AAO3 342
AO1AB17 | BO1AAO7 342
AO2ABO1 | BO1ACO06 194
AO02AB0O1 | BO1AC30 194
AO2ABO1 | C10BX02 194
AO02ABO1 | NO2BAO1 194
AO2ABO1 | NO2BAS51 194
AO02AB03 | BO1ACO06 194

An additional Table is used to list all the intdraws found in the rules of this type
and contains information related to each interactio the specific example of ATC-
to-ATC rule type, the outcomes table (IAM) contaifts each coded outcome a
description of the risk, a suggestion and a codeating the severity of the possible
outcome.

Other types of rules correspond to different asgmmns, such as a drug with a
diagnosis. Since the rules contain different patarseand logic, they are described
using other tables and mechanisms.

The types of rules that are stored in the VIDALatiaise are listed hereafter:
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Kind of rule;

Conditions:
Effect:

Description:

Example:

Kind of rule:

Conditions:
Effect:

Description:

Example:

Kind of rule:

Conditions:

Effect:

Description:

Example:

Kind of rule:

Conditions:

Effect:

Description:

Example:

r-atc-atc

Drug(ATC1)=1 & Drug(ATC2)=1 & ATC-ATC([ATC1],[ATQ@])=1
IAM(ATC-ATC([ATC1], [ATCZ2)) [id-IAM])

Rules for alerts involving drug prescription withother pre-prescribed drug.
IF a drug AO2AB03 and a drug BO1AC30 are presctito a patient

THEN caution of use (Reduced digestive absorptiacetylsalicylic acid

and should take gastrointestinal topical agentsaamacids some time (2
hours) after acetylsalicylic acid)

r-atc-icd

Drug(ATC) = 1 & Diag(ICD10) = 1 & ATC-ICD([ATC][ICD10]) =1
CI-PU(ATC-ICD([ATC], [ICD10])[id-CI-PU])

IF a drug with ATC code X is prescribed to a @ati

who has a disease with ICD10 code Y,
THEN Contra-Indication or Precaution of Use.

IF a drug BO1AAOQ3 is prescribed to a patient whifers from disease D59.3
THEN Contraindication (Severe renal failure: creiaie clearance < 20
ml/min)

r-atc-allergy

Drug(ATC) = 1 & MedInfo(AllergyClass) = 1
& ATC-AllergyClass([ATC], [AllergyClass]) = 1

AllergyClass((ATC-AllergyClass([ATC], [AllergyClss])[id-AllergyClass])

IF a drug with ATC code X is prescribed to a @ati
who suffers from an allergy id-AllergyClass
THEN Contraindication (AllergyClass).

IF a drug AO1AAB1 is prescribed to a patient veéfers from
Hypersensitivity to non-steroidal anti-inflammataiyugs (NSAID)
THEN Contraindication (Hypersensitivity to NSAID)

r-atc-bio (1)

Drug(ATC) = 1 & ATC-Bio([ATC]) =1

& Bio(ATC-Bio([ATC])[bio-variable]) >= ATC-Bio(JATC])[min]
& Bio(ATC-Bio([ATC])[bio-variable]) < ATC-Bio([ATC])[max]
CI-PU(ATC-Bio([ATC])[id-CI-PU])

IF a drug with ATC code X is prescribed to a gati

who has a lab value for idBio in the interval [nmax]
THEN Contra-Indication or Precaution for Use (idHell)

IF a drug BO1AAOQ3 is prescribed to a patient
who has a creatinine value between 0 and 20
THEN Contraindication (Severe renal failure)
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Kind of rule;

Conditions:

Effect:

Description:

Example:

Kind of rule:

Conditions:

Effect:

Description:

Example:

Kind of rule:

Conditions:

Effect:

Description:

Example:

Kind of rule:

Conditions:

Effect:

Description:

Example:

r-atc-bio (2)

Drug(ATC) = 1 & ATC-Bio(J[ATC]) =1

& Bio(ATC-Bio([ATC])[bio-variable]) >= ATC-Bio(JATC])[min]
& ATC-Bio([ATC])[max] =0
CI-PU(ATC-Bio([ATC])[id-CI-PU])

IF patient's biology measurement value for idBioin

and MAX of this biology (abnormal value)=0

(probably max boundary does not make any difference

and patient is going to be prescribed drug with Abde x
THEN Contra-Indication or Precaution for Use (icH&l).

IF patient's creatinine value <0

and creatinine maximal abnormal value=0

and drug BO1ABOG is prescribed

THEN Precaution for use (Chronic Renal Failure)

r-atc-bio (3)

Drug(ATC) =1 & ATC-Bio([ATC]) =1 & ATC-Bio([ATC])[min] =0

& Bio(ATC-Bio([ATC])[bio-variable]) <= ATC-Bio([ATC])[max]
CI-PU(ATC-Bio([ATC])[id-CI-PU])

This type of rules is for alerts involving drugepcription with a laboratory
result under a given boundary

IF a drug BO1ABOG is prescribed to a patient
who has a creatinine value under 60ml/min
THEN Contraindication (moderate renal failure)

r-atc-medinfo (1)
Drug(ATC) =1 & ATC-MedInfo(JATC]) =1

& Bio(ATC-MedInfo([ATC])[bio-variable]) >= ATC-Medhfo([ATC])[min]
& Bio(ATC-MedInfo([ATC])[bio-variable]) < ATC-MedIro(JATC])[max]

CI-PU(ATC-MedInfo([ATC])[id-CI-PU])

IF a drug with ATC code X is prescribed to a @ati
who has a lab value Y above MAX or below MIN
THEN Contra-indication or Precaution for Use.

IF drug BO1AAO3 is prescribed to a patient

whose age is greater than 780 months (65 years)
THEN Precaution for use (“patient is an elderlyigatt)

r-atc-medinfo (2)
Drug(ATC) = 1 & ATC-MedInfo(JATC]) = 1

& Bio(ATC-MedInfo(JATC]) [bio-variable]) >= ATC-Mednfo([ATC])[min]
& ATC-MedInfo([ATC])[max] =0

CI-PU(ATC-MedInfo([ATC])[id-CI-PU])
IF patient's lab value for bio-id >= MIN from ti& C-MedInfo table AND

MAX from the ATC-MedInfo table = 0 AND patient iomg to be prescribed

drug with ATC code
THEN Contra-indication (id-CI-PU from ATC-Medinfalble)

IF the drug NO2BAOL1 is prescribed to a patienitg a creatinine value
greater than 20 with max value=0
THEN Contraindication (Last 4 months of pregnancy)
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Kind of rule: r-atc-medinfo (3)

Conditions:  Drug(ATC) =1 & ATC-MedInfo(JATC]) =1
& ATC-MedInfo(JATC])[min] =0
& Bio(ATC-MedInfo(JATC])[bio-variable]) <= ATC-Medhfo([ATC])[max]

Effect: CI-PU(ATC-MedInfo([ATC])[id-CI-PU])
Description:  This type of rules is for alerts involving drugepcription with a bio variable
(history/personal data) less than one limit.

Example: IF the drug BO1ABOG is prescribed to a patient
whose age is smaller than 15 years
THEN Precaution of use (the patient is a child <5y old)

2.5.3. Usability of the rules

The main characteristics of this knowledge soureepatlined below:

- The knowledge is provided in the form of rules. Byveule is made up of 2
conditions that lead to an effect.

- The parameters used in all rule conditions are
o drugs, encoded in ATC
o lab values, using a proprietary encoding
o or diagnoses, encoded in ICD10

- The result of the rules is of different kinds acliog to the type of rule.
Unfortunately, the effect is described in free-texid, most of the time the
effect is a contra-indication (example: “drugs Aldh shouldn’t be prescribed
together”), a warning or a use caution, but dodshecessarily describe what
could happen to the patient (e.g. “hemorrhage l&gdn their form, it is not
possible to use those rules to detect whether @acome occurred or not
because the output does not comply with any stdndartaxonomy. The
resulting effect is complex information and, acaeogdto the type of rule, may
imply in addition a suggestion or a degree of sgyer

However, by means of a manual examination and magppf the rules, in several

cases an outcome is present and can be describ@dtbyctured description. Such a
work is performed systematically. From all the #fale rules, 228 unstructured
descriptions of potential outcomes can be retrieV&dse outcomes are of two kinds:

- 149 clinical outcomes, e.g. “seizure hazard” ontloerhage”
- 79 paraclinical outcomes, e.g. “hyperkalemia” oncfease of pancreatic
enzymes”

Section3.2 (Identification of the outcomegage 68describes more precisely those
outcomes and how they are used in this work.
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3. METHOD

3.1. Introduction

The material consists of a data repository comagir@bout 90,000 complete records.
Each record contains demographic information, diags, lab results and drug-
related information (extracted from a CPOE or frivee-text discharge letters). The
objective is here to mine those records so as adywme ADE detection rules. The
material also consists of rules from SPCs, whichlwa added to the rules discovered
by data mining. Moreover, data-mining-based ruldugction requires that some
outcomes can be traced in the data. For that peypbe SPCs presented in the
material are also used to get an exhaustive ligtoskible outcomes in relation to
ADEs.

In this chapter, the rules from the SPCs are aerdlgp as to get a list of outcomes to
trace for ADE detection purposes. This list is niesdd to the outcomes that are
traceable in the current datasets (label 1 of kg, sectior3.2 of the present
chapter). Then, the data mining is performed usimgavailable data and the list of
outcomes (label 2 of Figure 16, secti®d of the present chapter). The data mining
generates several ADE detection rules. The rulesrgéed by data mining and some
additional rules from the SPCs are integrated amtmmmon rule repository (label 3
of Figure 16, sectiod.5 of the present chapter). Then it is possiblernforce the
execution of all the rules using the data of thmosgtory: this will enable to calculate
several statistics (label 4 of Figure 16, sec8ahof the present chapter).

@ utcomes
2 ..
2 Data Mining:
Additipnal
Rules -Data aggregation
(3 -Supervised rules induction
= -Rules filtering

Figure 16. Ariane’s thread — Rules induction, storge into a repository, and machine evaluation

The next sections follow the stages described above
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- Section3.2: the rules extracted from the SPCs are usearder to get an
exhaustive list of possible outcomes in relatiothvADES.

- Section3.3: by means of a case review, several variablesidentified in
order to assess the clinical impact of ADES onguds.

- Section3.4: data mining is applied to the stays that ascdbed in the data
repository in order to identify (1) potential cas#dsADESs and (2) situations at
risk of ADEs in the form of ADE detection rules.

- Section3.5: the ADE detection rules that are discoveredr®ans of data
mining are described into a common rules repositdiyis repository is
complemented using ADE detection rules from otloerces. All those rules
are applied on the available data in order to cdmparious statistics.

- Section3.6 provides the conclusion of the present chapter.

3.2. ldentification of the outcomes in relation to ADEs

3.2.1. Principle

The present section describes how the list of tramécomes is defined. The ADEs
can be defined as injuriekle to medication management rather than the ugoheyl
condition of the patien{lOM 2007]. Those injuries may consist of clinical
paraclinical signis that result from a drug intakedose modification, or a drug
discontinuation. Those conditions are commonly desd asthe use of a drug
[Gurwitz 2000]. All the ADEs that have been obserfer a given drug are described
in the related SPC (Summary of Product Characies)stt is reasonable to think that
the union of all the SPCs provides a list of all jotential outcomes related to drugs,
according to the current knowledge.

In order to prepare data-mining-based rule inductalist of outcomes is necessary.
The drugs that are known to lead to those outcaresot considered: only the list of
the outcomes is used. The main source consistedrowledge from SPCs validated
by the AFSSAPS, the French national drug admirtistta The knowledge is
collected by the Vidal Company and maintained igirttknowledge database under
the form of rules. From those rules, 228 differkimds of outcomes are precisely
described. Those outcomes are clinical and parealisigns of ADEs. All of those
228 outcomes are examined in order to fihénd how they can be traced in the
EHRs.

3.2.2. Description of Outcomes from the SPCs

The outcomes from the SPCs described in the Vid&lhse belong to two major
categories:

SPC clinical outcomes:

- Definition: these outcomes are observed only by means ofcalini
examination of the patient

- Example: the onset of urticarial reaction following theroduction of a drug
during the hospitalization

- Number: 149 different clinical outcomes are describechim $PCs
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SPC laboratory-related outcomes:

- Definition: these outcomes can be objectified by measuringbaratory
parameter

- Example: the occurrence of an acute renal failure durimgstiay
- Number: 79 different paraclinical outcomes are descrilvethé SPCs

A significant number of outcomes have clinical grataclinical definitions; every
outcome is nevertheless assigned to a single agtegthe previous description.

The list of the outcomes is presented hereaftemAsy outcomes are very similar to
one another, they are grouped into the same latzketlee initial number of different

outcomes is displayed in brackets (Figure 17).

Abortion (1)

Acidosis (1)

Adrenal Insufficiency (1)
Amenorrhea (1)

Abruptio placentae (1)
Acnea (1)
Agranulocytosis (1)
Anaphylactic choc (1)

Angina pectoris (1) Angioedema (1)
Anorexia (1) Antibodies depletion (1)
Anuria (1) Anxiety (1)

Asthma (2) Ataxia (1)

Bacterial infection (2) Calcium deficiency (1)
Cardiac rythm troubles (14) Cardiopathia (4)
Coma (1) Confusion (1)
Constipation (2) Cough (1)

Dehydration (2) Dental alteration (1)
Dermatitis (4) Diabetes (1)

Digestive pain (1) Digitalic intoxication (1)
Disseminated intravascular coagulation (1)
Dyskinesia (1) Dysmenorrhea (1)
Dyspnea (1) Eczema (2)
Endometriosis (1) Enuresis (2)
Esophageal achalasia (1)

Fibrinolysis (1) Fiever (1)
Gastric ulcar (1) Gastritis (5)
Glaucoma (1) Gout (1)

Haemorrhage hazard (9)
Hemolysis (1)

Hepatic fibrosis (1)
Hyperaldosteronism (1)
Hypercalcemia (1)
Hyperchloremia (1)
Hyperglycemia (1)
Hyperlactatemia (1)
Hypernatremia (1)
Hyperprolactinemia (1)

Headache (1)
Hepatic cholestasis (1)
Hepatic insufficiency (2)
Hyperammonemia (1)
Hypercalciuria (1)
Hypercholesterolemia (1)
Hyperhydration (1)
Hyperlipidemia (2)
Hyperparathyroidism (1)
Hyperuricemia (1)

Hypocalcemia (1) Hypochloremia (1)
Hypoglycemia (1) Hypokalemia (1)
Hyponatremia (1) Hypophsphatemia (1)
Hypoprotidemia (1) Hypotension (2)

Inflammation (1) Intestinal obstruction (1)
Lacrimal apparatus disease (1)
Loss in visual acuity (1)

Malaria attack (1) Manic episode (1)

Abscess (1)
Addictive behavior (2)
Alkais (1)
Anemia (2)
Angor (1)
Antiphospipad syndrome (1)
Aplasia (3)
Atherosclerosis (1)
@ac insufficiency (1)
Golil)
Connective tissue disedse (
Cushing syndrome (1)
Depressibhn (
Diarrhea (3)
Digpia (1)
Drowsin(2)
Dyspepsia (1)
Encephalopathy (1)
Eruption (1)

Extrapyramidal syndrdmEdcal incontinence (1)

Fungal infection (2)
General physicetiedioration (1)
Haemorrhage (3)
Hematuria (1)
Hepatic lgyis (2)
Hatjis (2)
Hypethiinemia (3)
Hypercapria (
Hypsiaophilia (1)
Hyperkaler(ia
Hypermagma@a (1)
Hypergpimatemia (1)
Hypoalboemia (1)
Hypodermiti¥ (1
Hypomagnesemija (1
Hypopitusiari(1)
Hypoxemia (2)
lordcsorder (1)
Leucopenia (2)

Macrophage Activatiom8yome (1)

Metabolicutote (1)

Nasal pps/(1)

Myasthenia (1) Myelodysplastic syndrome (1)
Myocardial infarction (2) Myopathia (1)
Nausea (1) Nephrotic syndrome (1)

Neuroleptic gmaint syndrome (1)
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Neuromuscular trouble (1)  Neutropenia (1) Olig\§din

Osteoporosis (1) Pancreatitis (2) Pericarditis (2)
Pleuresia (1) Polycythemia (1) Psychotic disordgys
Pulmonary edema (1) Raynaud syndrome (1) Reriatéa(4)
Respiratory distress (2) Rhabdomyolysis (1) Risrit)

Sarcoidosis (1) Seizure (1) Specific antibody (1)
Tendinopathy (1) Thrombocytosis (1) Thrombopedia (
Thrombosis (2) Thrombosis hazard (3) Thyroid dise@®)
Urticaria (1) Uveitis (1) Vasculitis (1)
Vomiting (1) Water-electrolyte imbalance (1)

Figure 17. List of outcomes extracted from the SPCs

3.2.3. Tracing of SPC Outcomes in this work

The appearance of the outcomes listed above hae tivaced in the data. This is
possible through different ways with respect todagegory defined before.

SPC clinical outcomes:
- Properties:

o Most of them can be defined by means of ICD10 sode

o Some of them can indirectly be traced by meanslmbratory results.
For instance, a hemorrhage under Vitamin K Antagfsnis strongly
linked to an increase of the INR, and might bediokd by a decrease
of the Hemoglobin blood level.

o Some of them can be traced as drug administratieoisinstance, a
hemorrhage under VKA is often followed by a Vitamik
administration.

- Implementation:
o ICD10-related outcomes cannot be usedis Indeed, the diagnoses
are encoded retrospectively at the discharge ofpttesnt, and the
ICD10 codes are provided without any date. As asequence, it is not
possible to know if a diagnosis such as “hemorrhagéhe reason of
admission or a side effect that occurred during hbspitalization.
Most of the time, it is the reason of admission.

0 As much as possible, clinical outcomes are tragdlatto laboratory-
related signals or into drug-prescription-relatigphals.

SPC laboratory-related outcomes:
- Properties: these outcomes can be objectified by a deviatiotaboratory
results
- Implementation: all the paraclinical outcomes that are tracealolethe
laboratory results of the dataset are taken intcowat. Some of these
outcomes are traced by means of combinations aérabyparameterse.g.
pancytopenia is the combination of anemia, leuc@pand thrombopenia.

The use of outcomes that are traced through abiitieeain lab results (e.g.
hyperkalemia) or specific drug prescriptions (esjpecific antidote) presents multiple
advantages:

- The values are measured several times and théedethronology is available
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- Many laboratory parameters are nearly systemagicalasured at least once,
especially in some diseases or drug intakeg,the INR when a patient is
under Vitamin K Antagonists

- They are sensitive to changes induced by drugs
- They are objective

On the other hand, thresholds have to be definethbmratory results. For instance,
in this work a hyperkalemia is defined as a potamsvalue higher than 5.3 mmol/l.
Too low a threshold would result in many false pwesi(i.e. cases that are not
considered as ADEs by experts), and too high astimld would result in too few
cases, so that ADE detection rules cannot be de&sedvby data mining. The
thresholds are defined empirically, reaching a enosas within a committee of 3
physicians of the project and 2 pharmacologists at®gnot part of the project. The
thresholds are embedded in the name of the effect.

Finally, 83 outcomes out of the 228 initial outconte can be traced within the
present work. Those 83 outcomes are traced througb6 different variables.
Several distinct outcomes in the SPC database eamabed by means of only one
variable in the present work. Two examples arerglvelow:

- The variable Hyperbilirubinemid takes into account 3 different outcomes in
the SPC databasebifirubinemia higher than twice the normal upperuoal’,
“hyperbilirubinemid and “jaundicé.

- The variable Hypoxemid takes into account 2 different outcomes in th&€SP
database:drterial hypoxemiaand “PO2 < 60 mm Hg at re’st

As a result, 37% of the SPC outcomes can be trad#un the present work. The
variables that are used are listed in Table 13s Timitation is not due to the method
that is used, but is due to the available data.ifiance, in the future, as soon as the
electrocardiographic results are routinely avaéainl a database, we will be able to
trace 14 additional outcomes.

Table 13. List of outcomes that are traced in theata

Anemia (Hb<10g/dl)

Bacterial infection (detected by prescription ofiliotic)

Diarrhea (detected by prescription of an anti-dlieat)

Diarrhea (detected by prescription of an antiprepel)

Fungal infection (detected by prescription of aaysc antifungal)
Fungal infection (detected by prescription of gofsdvin)

Fungal infection (detected by the prescriptionazfall antifungal)
Hemorrhage (detected by a prescription of haemo}stat

Heparin overdose (APTT>1.23)

Hepatic cholestasis (alkal. phosphatase>240 Ubliloubins>22 pumol/l)
Hepatic cytolysis (alanine transa.>110 Ul/l or atgia transa.>110 Ul/I)
High a CPK rate (CPK>195 UI/I)

Hypereosinophilia (eosinophilocytes>109/1)

Hyperkalemia (K+>5.3 mmol/l)

Hypernatremia (Na+>150 mmol/l)

Hypocalcemia (Ca++<2.2 mmol/l)

Hypokalemia (K+<3.0 mmol/l)

Hyponatremia (Na+<130 mmol/l)

Automated detection of Adverse Drug Events by Dditging of Electronic Health Records
Emmanuel Chazard, PhD Thesis Page 71 of 262



Increase of pancreatic enzymes (amylase>90 Ulibase>90 Ul/l)
Neutropenia (count<1500/mma3)

Renal failure (creat.>135 pmol/L or urea>8.0 mmol/|
Thrombocytosis (count>600,000)

Thrombopenia (count<75,000)

VKA overdose (detected by a prescription of vitahdjn

VKA overdose (INR>4.9)

VKA underdose (INR<1.6)

Acetaminophen overdose (detected by prescriptidwatetyl-cystein)
Digitalis overdose (detected by the prescriptioamtidote)
Digitalis overdose (digoxinemia>2.6 nmol/l)

Drug overdose leading to methemoglobin formatiaetédted by the prescription of antido
Drug overdose leading to sulfhemoglobin formatidetécted by the prescription of antido
Glaucoma (detected by the prescription of antighaues miotic)
Hyperalbuminemia (albuminemia>60 g/l)

Hypercalcemia (calcemia>2.6 mmol/l)

Hypocapnia

Lithium overdose (to high a lithium rate)

Opioids overdose (detected by the prescriptiomttiate)
Pancytopenia

Acidosis (pH<7.35)

Alkalosis (pH>7.45)

Cardiac failure (detected by prescription of catmiic agent)
Delirium (detected by the prescription of an antgb®tic)

Gastric ulcer (detected by the prescription oftdR}i

Hypercapnia

Hyperglycemia (detected by the prescription of limsanalogue)
Hyperglycemia (glycemia>15 mmol/l)

Hyperthyroidism (T4>160 nmol/l or fT4>22 pmol/l ®8>3 nmol/l)
Hypoalbuminemia (albuminemia<30 g/l)

Hypoglycemia (glycemia<2.8 mmol/l)

Hypothyroidism (T4<60 nmol/l or fT4<12 pmol/l or €3 nmol/l)
Hypoxemia

Inflammation (CRP>12 mg/l or VS1>50)

Leukocytosis (leukocytes>15.109/)

Leucopenia (leukocytes<3.109/1)

OEdema (detected by the prescription of diuretic)

Seizure (detected by the prescription of intraveremticonvulsive)

e)
te)

3.3. Evaluation of the clinical impact of ADEs

Adverse Drug Events cannot consist only of biolagiabnormalities because the
definition describes effectwhich [are] noxiousto the patients [EC 2001]. For that
reason, it is necessary to find some ways to askesdinical impact of the ADE we
might be able to detect, such as death, higherthHeofjstay, change in medication

management, etc.
The main idea is that some variables could helputmmatically assess the clini

cal

impact of adverse drug events. In order to idergifgh variables, 90 hospitalizations
with adverse events are reviewed by physicianst@ssby a computer scientist. The
experts are asked to review carefully the stays tandescribe in what ways the
various observed outcomes could have consequemcdiseopatient or on his stay,

such as “death”, or “longer hospitalization”.

Automated detection of Adverse Drug Events by Dditging of Electronic Health Records

Emmanuel Chazard, PhD Thesis Page 72 of 262



The physicians are asked to answer the followirgstians:
- How did you notice the consequences of the adwwrset?

- Is it possible to generalize those criteria? Wawel aggregated variables be
useful for that?

As an example, three clinical cases of ADEs, ared dbrresponding variables are
presented in Table 14, Table 15 & Table 16. Thelted this procedure is followed
up and generalized on every available variable.

Table 14. First example of ADE case and inferred vable

Clinical case (ADE) Mr. X had been admitted for phlebitis, treated aidcharged. The
treatment wasn’t well adapted. The patient bled lzendl to come back tw
days later.

|=)

What anomaly is

visible in the EHR? The patient had to come back two days later

What variable(s) could | dunh=delay up to next hospitalization

be useful? In present caséunh=2.

dunheinfinity if the patients never comes back.
Examples of possible | Binary use: ifelse{unh< arbitrary_threshold; 1; 0)
uses of the new ifelse@duntx defined_quantile; 1; 0)
variable(s)

Quantitative use: ld(nht1)
equals 0 if the patient never comes back

Table 15. Second example of ADE case and inferredniable

Clinical case (ADE) Mr. Y had been admitted for appendicitis and diedags later from
grand mal status epilepticus.
What anomaly is . . S
visible in the EHR? The patient had been admitted for appendicitisiied
What variable(s) Death{0;1}, in present cas®eath=1.
7 | could be useful? DRG{d1; d2;...; dk}, in present caseRG=di.
g Expected death knowing the DRGexp_death P(DeatH DRG=di)
g Examples of Binary use: death
possible uses of the ifelse(exp_death<0.05 & death=1; 1; 0)
new variable(s) Quantitative use: ifelse(death=1; log(exp_death); O
ifelse(death=1; log(exp_death); log(1-exp_death))
What anomaly is The patient had been admitted for appendicitisdnaibuntered a grand
visible in the EHR? | mal status epilepticus
What variable(s) Medical specialty of 3 principal diagnosis,
o | could be useful? in the present caddS,="digestive”.
© Medical specialty of % principal diagnosis,
g in the present casédS,= “neurology”.
Z Number of different medical specialtie\NMS=2.
E())(gsmt?lfs soés of the Quantitative use: ~ NMS
ible u . .
gew variable(s) Binary use: ifelse(NMS>1; 1; 0)
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Table 16. Third example of ADE case and inferred wgable

Clinical case (ADE) Mrs. Y encountered a vitamin K antagonist (VKA) ocdese due to a

pharmacokinetic interaction. The INR rose up to The VKA was
discontinued and a dose of vitamin K was admingster

What anomaly is A dose of vitamin K is administered to a patientowl under vitamin K
visible in the EHR? antagonist.

What variable(s) could | vitaminK{0;1}: =1 if the patient is under VKA and is administered

be useful? vitamin K with date of administration > 2 days

from the admission
= 0 in other cases

Examples of possible
uses of the new Binary use: use the variable as is

variable(s)

The main output of this task, which is presentedugh three examples, consists of a

list of variables that can be used to assess theall impact of ADEs. The variables
that are constructed this way are automaticallgetlafor each potential ADE case.
Some examples of such variables are detailed irRésult chapter, in sectioh4
(Evaluation of the ADE detection: preliminary resuibn page 111.

3.4. Data mining: a five-step procedure

A five-step procedure is followed (Figure 18) [Caax 2009 (2-3)]:

1.

Data are transformed into events: the native detacamplex (thousands of
codes, repeated measurement of various laboratogmeters, etc.). They are
transformed into binary events. This point is dssad in section5.2

(Discussion of the methodh page 139. Those events can happen or not.

they happen, they have a starting date and a stgplaite.

The events are qualified as “potential cause of AD&t “potential events of

ADEs".

Statistical associations between conditions andamiés are automatically
discovered by means of decision trees and assutiatiles. At this stage,
associations do not necessary mean ADE. For instarccould find “age>90

& renal insufficiency => too long stay”.

The associations are filtered and only the asdoomitthat contain drugs in
their list of causes are kept.

The rules obtained in this way are validated aganademic knowledge and
are tuned during validation sessions with experts.
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Step 1: transform the data ' |||| m A . » @
into events ‘ i | |I| A 0
Step 2: qualify the events as @ @-?}@
“potential cause” or “potential effect”
Step 3: find statistical associations —}
between causes and effects
Step 4: filter the associations, keep S =—P @
probable ADEs - (@

@ —> @

Figure 18. The 4 first steps of the procedure to §h” ADEs

There are important differences between the prgs@atedure and usual supervised
rule induction. Supervised data mining methodsrofedy on a simple idea:

The observed effect is known: the group with outeo(ADE=1) and the
group without outcome (ADE=0) have already beemtified.

A large set of potential conditions is availablegda statistical method is used
to find the most relevant conditions. The apprdprimethods are used to
explain the outcome by some of the conditions.

The approach is different in the present work, dhe classical rule induction
procedure is not usable, mostly becatlmeoutcome is not identifiedobody flagged
the cases as “normal” (ADE=0) nor “abnormal” (ADB=&nd our objective is to
avoid a time-consuming staff operated review. Ourcedure can be described as
follows:

The data are transformed into events. Some of ttemte are flagged as
“potential ADE manifestation”, for example the oo@nce of hyperkalemia.

Supervised data mining methods are used to linkitev potential ADE
signs.

The results of the rule induction are sets of comwl that lead to the
outcome, but not sets of conditions that lead t@\BE. The patterns that are
discovered require a lot of care in the interpretatand the rule filtering

operations are very important. The cases must\bewed in order to identify

the participation of the drugs in the observed ownmes, in relation to the
underlying conditions of the patients. For instgnaedrug might be the

consequence of a chronic disease, and the outcagie be the consequence
of that disease and not of the drug itself. Howgirethat example, statistical
methods will highlight a participation of the drugthe outcome: there is a
statistical link but there is no causal relatiopshi

Each one of those steps is described in a dedicaetion hereafter (see sections
3.4.1,3.4.2,3.4.3,3.4.4 &3.4.5).
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3.4.1. Step 1. Transformation of the data into even t (data
aggregation)

3.4.1.1. General principle

The extracted datasets fit an 8-table relationakes®. But such a data repository
cannot be used for statistical analysis:

No statistical method can deal with an 8-table dateeme

The encoding systems produce too many classes:t d3Q000 codes for
ICD10, about 5,400 codes for the ATC, and thousarfidifferent laboratory
parameters for lab results. Many codes have corblgameanings (e.g. a
hypoxemia can be observed from the oxygen bloodspre or the oxygen
saturation of hemoglobin) and some laboratory atiesaesult from several
laboratory parameters (e.g. metabolic acidosis).

Some variables have repeated measurements thrdutiteotnospitalization,
e.g. laboratory parameters (a red blood cell caant be measured 20 times
during the hospital stay, returning normal, too lomtoo high values) or drug
prescriptions (a specific drug can be prescribadawer day), etc.

Aggregation engines are developed in order to foams the available data into
information described as sets of events (Figure. ¥)r each kind of data
(administrative information, diagnoses, drugs, fabmry results), a specific
aggregation engine is developed and fed with aipeaggregation policy. Each
policy is described by means of XML files outsithe tengine, making it possible for
several persons to work in parallel to improvedlggregation phase. The aggregation
engines enable to get a table that describes #@®in terms of many binary fields.

3- Diagnosis
SUTTTE P 3-1 Keys
ot T . .
R “ee, 3-2 Diagnosis
"0 ...'
o 2-Steps or the stay | / "+~ ",’
Q . .
o 2-1 Keys ”'.. “,
~ Ta,, .
N 2-2 Medical units e, ‘o.‘ .
- » *
N 2-3 Misc. "..’:‘ .
. *de %
. ':0‘ A
5- Drug prescriptions e,
3 *, * .
5-1 Keys ".“ 5 :
5-2 Drugs ., <« \/
- ‘Q’
6- Lab results ‘e,
6-1 Keys ’.“ *
6-2 Lab results ‘o,. <-,
.,... .
A "wmend  (vammmmmssrn o
1-Stays
1-1 Keys
1-2 Patient Aggregated stays flat table
1-3 Intensive care Medinfo | Diag | Lab | Drug
1-4 Medical units
1-5 Dates, duration
1-6 Misc.

Figure 19. Aggregation engines and mapping policies
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Classical statistical analyses rely on associatimetaeen different variables that are
considered astable statesThis is true in some cases (e.g. a patient resreaiman or
a woman throughout the hospitalization) but mosterofit is false (e.g. a
hypoalbuminemia, potential cause of some ADEs, trogly exist at days 5, 6 & 7 of
a 20-day-long stay). The engines transform dataenents. For a given hospital stay,
events can have one of the two following valuegyFé 20):

0: the event doesn’t occur

1: the event occurs at least once. In that case characterized by its starting
date and stopping date.

This transformation enables to describe five pagters shown in Figure 20.

(A (B) (C)
i 1 p— 1| gr—eeeeeeeeee
O —— 0 -------------- O .......... ——
L stime L time > 5 »time
(D),
1 ..........
(o) I S
> time Case Status Start  Stop
2 A 0 - -
(E) B 1 -inf_ +inf
] pe— e C 1 2 6
D 1 2 +inf
e — E 1 inf 6
5 »time

Figure 20. Different possible shapes of the events

3.4.1.2. Aggregation of the diagnoses

The mapping policy of the Diagnoses consists otigiog together similar codes. It
mainly takes into account chronic diseases sudh@amsiic renal insufficiency, hepatic
insufficiency, some chronic infections, some neegeherative diseases, etc.

The referral diagnosis would be an interesting ,dai# in some countries such as in
France, it is not formally encoded, although @vsilable as free text.

The complete mapping process is described in thesmg sections ofAppendix 4:
Description of the output of this work (use of XML files)

- Section12.3 (How to implement the rules for a prospective (tissnsactional
use of the CDSS)®n page 212

- Section 12.4 (How to implement the rules for a retrospectivee us
(retrospective use of the CDSS, dashboards, cordel€omputation)?pn
page 214

3.4.1.3. Aggregation of the administrative informat  ion

The available administrative information is alsopmed into events. The complete
mapping process is described in the following sastiofAppendix 4: Description of
the output of this work (use of the XML files)
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- Section12.3 (How to implement the rules for a prospective (tssnsactional
use of the CDSS)®n page 212

- Section 12.4 (How to implement the rules for a retrospectivee us
(retrospective use of the CDSS, dashboards, cordel€eomputation)?pn
page 214

3.4.1.4. Aggregation of the information about drug
administration

The aggregation of the drugs administered is &xgtlained through an example, and
then general principles are detailed.

Example of data aggregation
As an example, let's examine the aggregation a@ehlifferent drugs:
- Heparin, that matches the category “Heparin”

- Warfarin and Phenindione, that both match the aatedVitamin K
Antagonist (VKA)”

The drugs are taken into account since they arergsbared at least once.
The drug aggregation engine generates in this ebeatinary variablesheparin
andvit_K_antagonistThose variables are accompanied by starting daiestopping

dates when their values are set to 1 (Figure 2iL}his example, as Warfarin and
Phenindione both match the same category, thegratged together.

- No administration of heparin
- Administration of warfarin (W)

Mistratl tin Event (drug) Status Start Stop
- Administration of phenindione (P) [BElERW
Events

Heparin 0 - .
Wil
= I:-:‘ Vit.K antagonist 1 0 6
0 3 &6 "time

Figure 21. Example of administered drug aggregationanticoagulant drugs

General principles

The definition of the drug mapping policy is an ion@ant work. In the present work,

the ATC classification is used to map the drugd.tBe ATC classification also offers

a way to rank the drugs into a tree. Like many dragsifications, this tree is mainly

based on theherapeutic indicationof the drugs. It couldn’t be used for the drug
mapping: the ADEs are not related with the intemtad the prescriber, but with the

intrinsic properties of the drugs, those propertesng either pharmacokinetic or

pharmacodynamic.

The following example (Figure 22) shows that thetgcsalicylic acid (e.g. in aspirin)
is ranked into 8 different ATC codes, those codesd@ ranked into 5 different
chapters of the ATC. But whatever the therapeutitication, the pharmacodynamic
properties of the Aspirin are always the same: -iafitammatory, pain Kkiller,
antipyretic, platelet aggregation inhibitor; and thharmacokinetic properties still
remain the same, due to its acidity. As a consespieome ADEs are shared by all
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those available forms of Aspirin, despite therapeurdications (and thus the ATC
chapters) being different: gastric ulcer, hemoreyagnal failure, overdoses of other
drugs, etc.

A alimentary tract and metabolism
A01AD other agents for local treatment
A01ADOS ...aspirin...

B blood and blood forming organs
BO1AC platelet aggregation inhibitors
BO1ACQ6 ...aspirin...

C cardiovascular system
C10BX (...) other combinations
C10BX01 & C10BX02 ...aspirin...

M musculo-skeletal system
MO1BA anti-inflammatory
MO1BAQ3 ...aspirin...

N nervous system
NO2BA salicylic acid and derivatives
N02BAQ01, NO2BA51, NO2BA71 ...aspirin...

Figure 22. Different positions of the Acetyl-Saliclc acid (Aspirin) in the ATC classification

Conversely, Rifampicin and Isoniazid could be rahkdo the same category as they
are both antibiotics used for the treatment of tablesis (Figure 23). But the first is a
liver enzyme activator, and the second is a liveayeme inhibitor. As a consequence,
they may have opposite contributions to various ADE

J antiinfectives for systemic use
JO4A drugs for treatment of tuberculosis
JO4AB Antibiotics
JO4AB02 Rifampicin
JO4AC Hydrazides
JO4ACO01 Isoniazid

Figure 23. Places of Rifampicin and Isoniazid in th ATC classification

For all those reasons, it is necessary to desigmstomized drug classification. This
classification aims at describing both pharmacodynaand pharmacokinetic

properties of drugs, whatever their therapeutigcatibn. Taking into account those
properties leads to a redundant classification:iverg drug can match several
properties at the same time (Figure 24a). Moreawdrierarchical redundancy is also
useful (Figure 24b), making it possible for thetistecal data-mining methods to

automatically select the group or subgroup thatimepes the statistical link between
causes and probability of ADE.

Automated detection of Adverse Drug Events by Dditging of Electronic Health Records
Emmanuel Chazard, PhD Thesis Page 79 of 262



Transversal redundancy: Hierarchical redundancy:

leptics uberculosis

Antibiotics
Beta-
lactamins Macro-
Hepatic lides
arbama R 3
. ) enzyme
zepine ) .

__~ activators

Figure 24. Transversal and hierarchical redundancyof the classification

The complete mapping process is described in thewimg sections ofAppendix 4:
Description of the output of this work (use of XML files)

- Section12.3 (How to implement the rules for a prospective (tssnsactional
use of the CDSS)®n page 212

- Section 12.4 (How to implement the rules for a retrospectivee us
(retrospective use of the CDSS, dashboards, cordel€omputation)?pn
page 214

3.4.1.5. Aggregation of the laboratory Results

The aggregation of laboratory results is first expéd through an example, and then
general principles are detailed.

Example of data aggregation
As an example, let's examine the aggregation oflakoratory parameters:

- The digoxin level in the blood: Digoxin is a drugat is used for the treatment
of cardiac insufficiency. Unfortunately overdoses iequent and dangerous,
that is why its level is frequently measured:

o itis considered as “too high” over 3 ng/ml (hypgguokinemia)

- The potassium level in the blood: potassium is &ttelyte. In some
circumstances its concentration in the blood may @t of the normality
range. Unfortunately, those variations may lealétioal cardiac arrhythmias:

o itis considered as “too low” under 3 mmol/l (hypddmia)
o itis considered as “too high” over 5.3 mmol/l (leykalemia)

Thanks to boundaries, those 2 parameters enabtkeftoe 3 different anomalies.

Those boundaries can be wider than the laboratenalureference intervals: the
thresholds have been defined in order to catchrédbry value anomalies that have a
high probability to lead to clinical symptoms, atuations that are assumed to
endanger the patient.

In that example the aggregation engine generatesbi®ary variables:
hyperdigoxinemiahypokalemiaand hyperkalemia Those variables are accompanied
by starting dates and stopping dates when theiregaare set to 1 (Figure 25). LOCF
(Last Observation Carried Forward) is used to pukate the available values.

Automated detection of Adverse Drug Events by Dditging of Electronic Health Records
Emmanuel Chazard, PhD Thesis Page 80 of 262



- No assessment of digoxinemia
- Assessments of potassium: Event (lab) Status Start Stop

BEEREN  Hyperdigox. 0 - R
}”l\{grma- AENEY Hyperkaliemia 1 2 6

S — S— range Hypokaliemia 0 - -

0 2 6 =time

Figure 25. Example of laboratory result aggregationthe Digoxin and Potassium values of a stay

General principles

All the different laboratory parameters that araikable in the data of the various
hospital partners are examined. The list of thennsgndromes that those parameters
could help to detect is defined. Finally, a mappigle is designed, comparing:

- the reference interval that is declared in the bgtaach laboratory

- the reference interval of each parameter that @fobnd in the literature,
taking into account the threshold beyond/above Wwiimical symptoms may
appear

- the observed distribution of the values contaimethe datasets (with respect
to the observed diseases of the patients)

Finally, for a given syndrome, several theoretitaboratory parameters can be
involved. E.g. the “pH” and the “base excess” cathlbe used to diagnose acidosis.
Moreover, for a given laboratory parameter, seveiféérent real-data parameters can
be used. E.g. either NPU12474 or NPU12491 IUPACesarhn be used to measure
the “pH”. For a given parameter, several IUPAC codeight exist to render the
measurement method that is used but also the wanais that can be used. The
ranges that are defined must take into accourdiffexent units that are used.

The complete mapping process is described in thesmg sections ofAppendix 4:
Description of the output of this work (use of XML files)

- Section12.3 (How to implement the rules for a prospective (tissnsactional
use of the CDSS)®n page 212

- Section 12.4 (How to implement the rules for a retrospectivee us
(retrospective use of the CDSS, dashboards, cordel€eomputation)?pn
page 214

3.4.1.6. Synthesis of the data aggregation

Diagnoses:
The 18,000 ICD10 codes are aggregated into 48 aagsgof chronic diseases.
Administrative information:

The various administrative and demographic fields aggregated into 15 different
variables.

Drug administrations:

The 5,400 ATC codes are aggregated into 250 drtegodes. Those categories are
designed to be redundant: they enable transveasagj@ries such as “hepatic enzyme
inhibitors”.  The classification has to consider phacodynamics and
pharmacokinetics, although most of the existingssifecations are based on
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therapeutic indications. Drug discontinuation isoalraced as a potential ADE cause,
the number of variables is then 500.

Lab results:
The laboratory results are aggregated into 35 &boy signals.

The data aggregation produces one dataset per ahedipartment. In each dataset,
588 variables can be usedcasmditionsto explain 56 different outcomes.

3.4.2. Step 2: qualification of the events as “pote  ntial condition”
or “potential outcome”

An informal analysis is first performed: in the dable data, some can be identified
as “potential condition of an ADE” and some othass “potential outcome of an
ADE". Table 17 shows examples of classifications.

Table 17. Examples of information classification: ptential condition / potential outcome

Kind of information Ex. of potential ADE condition Ex. of potential ADE outcome
ﬁ?(;r:mggantlve Age, gender Death, too long stay
Diagnosis Chronic renal insufficiency Hemorrhage at the middle of the stay
Lab results Admi_ssion with Hyperkalemia at the

too high an INR middle of the stay
Drug prescription Vitamin K antagonist Specific antidote

Finally by means of the data-to-events transforomatiit is possible to simply
consider that all the events that occur after thBept's admittance are potential
outcomes.

Example of theLaboratory Results

In the previous example (Figure 25 on page 81)petkalemia (too high potassium
level) occurs from the" day (included) to the"6day (included). As the potassium
level is assessed, two binary variables are gesgbriat the datasehyperkalemia
(which is true in this case) arypokalemia(which is false in this case). They both
can be used as conditions and as outcomes:

Hyperkalemiain this case: equals 1 from day 2 to day 6):

1. Hyperkalemiais able to be an outcome with value=1. All theeotavents

that occur before day 2 will be candidate to expthat outcome.

2. Hyperkalemiais able to be a condition for every outcome thetuo
between day 2 and day 6.

Hypokalemig(in this case: equals O all along the stay):

1. Hypokalemiais able to be an outcome with value=0. All theeotavents
will be candidate to explain the absence of outcomimatever their date.

2. Hypokalemiais able to be a condition with value=0 for evetamme,
whenever it occurs.

This approach has two important advantages:
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A statistical association doesn’t have any directiBut taking the dates into
account prevents cause-to-effect relationship sigar Events that are
posterior to the outcomes cannot be interpretecbaditions. Events that are
anterior but too far from the outcome are not takém account.

Outcomes can become conditions in their turn. Téproach makes it
possible to consider aADE domino effect A domino effect is observed
when a first reaction leads to an outcome, and th@tome (alone or in
combination with other factors) induces anotheconte. For instance:

first drug A & age>70 acute renal failure
thenacute renal failure & drug B hemorrhage

3.4.3. Step 3. statistical associations between pot ential
conditions and outcomes

The previous steps enable to identify potential A@daditions and potential ADE
outcomes. The aim of statistical analysis is therdéentify some links between (the
combination of) potential conditions and potenbatcomes. A result of the section
1.3 (State of the Art in Data Miningon page 18 is the choice of decision trees and
association rules for that purpose. This choicgoise with respect to the type of the
available data, and the expected output, whichsist &f rules.

Decision trees are an important part of medicalsorang [Dzeroski 1996].
Fortunately many statistical methods enable to gcedhem. Decision trees and the
CART method [Breiman 1984, Fayyad 1996, Lavrac 199Qinlan 1986, Ripley
1996, Zhang 2001] are used by means of the RPARKaga of R [Therneau 2007, R
2008]. Association rules [Agrawal 1993] are alsedis addition to decision trees.

Decision trees and association rules enable totifgdeseveral decision rules
containing 1 to K conditions such as:

IF( condition_1 & ... & condition_K) THEN outcome rhigoccur

Each rule is characterized by its confidence (bpprtion of outcome knowing that
the conditions are matched) and its support (2pgntaon of records matching both
conditions and outcome). In addition, the relatisgk is computed (3: probability of
the outcome knowing that the conditions are metiddd by the probability of the
outcome knowing that the conditions are not met) anFisher’'s exact test for
independency between the set of conditions andutmme is performed.

Those statistics are not only provided by the methdut recalculated afterwards.
Indeed, those methods do not natively take the tiomstraints into account. Decision
trees could conclude “drug A & lab result B outcome C” although the 2 conditions
and the outcome are not compatible with respetitdahronology. But once the rules
are available, we are able to compute again thos#stges by integrating time
constraints.

Confidence = P( outcome | conditionl..C condition_K) (1)
Support = P( outcom€ condition_1C...C condition_K) (2)
Relative risk _P(outcomd condition_1C ...C condition_K) 3)

P(outcomg condition_1C ...C condition_K)
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Decision trees and association rules are autontigtieanched for each outcome in
each hospital and each medical department. Thoasaindiles are provided by both
methods.

3.4.4. Step 4. filtering of the associations

Thousands of rules are generated, and reliableststatare computed afterwards due
to the complexity of time constraint integratiom &ddition, hopefully the most
probable reasons why outcomes occur are in relatitim the patient's underlying
conditions rather than with the medication managem&s a consequence, most of
the rules that are discovered deal with the effédiseases rather than the effects of
medication. For those reasons, the rules requibe tautomatically filtered according
to the following criteria:

The rule must contain at least one of the followéwgnt types as a condition:
1. one drug,
2. or one drug discontinuation,

3. or one laboratory parameter that is implicitly kakto a drug (e.g. INR for
vitamin K antagonist, digoxinemia for digoxin...)

The rule must increase the prevalence of the outcom
relative risk > 1

The rule must lead to a significant Fisher’s exast for independency
between the set of conditions and the outcome laat one place (the rules
are discovered separately in every medical depat)me

p value < 5%

In addition, an automatic modification of conditsorelated to the age of the patient is
performed: the thresholds used for the age arevattcally rounded off to a multiple
of 5 years. This simple modification enables to egenduplicate rules.

3.4.5. Step 5: validation of the rules

Several technical meetings are organized with @gpehysicians, pharmacologists,
pharmacists and statisticians. The rules are examby the experts and validated
against summaries of product characteristics afiography. That review uses
several drug-related web information portals [Preronama 2009, BDAM 2009,
Thériaque 2009], Pubmed referenced papers [Pubid@d],2and French summaries
of product characteristics provided by the Vidah@any.

During this review, the experts may suggest differaodifications: queries to check
what the pathological context of the cases is, whdt the drugs involved precisely
are, or tuning of the rules, to test different s&sor subclasses of drugs. Sometimes,
rules are manually enforced in agreement with anaté&nowledge in order to test
some hypothesis.

Finally, the rules are reorganized: the conditiohgach rule are characterized using
one of the following types:

Subgroup conditions help defining a subgroup that is used as the erter
group for some statistic computations, such aselagive risk.

Cause conditionsare those that are explained in the commentseofuie.
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Segmentation conditionsdo not explain why an outcome occurs, but have an
Impact on the statistics that are computed.

Those kinds of conditions are explained hereatfter.

The cause conditionsare the most common conditions. A rule has at leas “cause
condition”, quite often there are only “cause coioais”.

The subgroup conditionsare used when it makes no sense to considereatettords
at the same time: doing so could lead to overesitgahe value of the relative risk
for a given rule.

Let’s imagine a rule and its basic statistics:
VKA & drug_X too high INR (VKA=vitamin K antagonist)
confidence = P(too high INR | VK& drug_X ) = 10%
prevalence = P( too high INR) = 1%
relative risk = confidence / prevalence = 10
Fisher’'s exact test p value = 0

A fast interpretation of those statistics coulddi¢a the following conclusion: “the
risk of having too high an INR is multiplied by 1hendrug_Xis administered”.
This is false because it makes no sense to useptiieol group that is implicitly used
here: the control group isnd (VKA and drug_X) which means io VKA or no
drug_X. But it is well known that the probability of eogntering too high an INR
without intake of VKA is very weak and has no irtgrin the field of ADE detection.
The solution of this problem is to consider thatorder to discover causes of INR
deviations, only the patients who are under VKAatnmeent have to be used to
discover and evaluate the rules. This is what vlec¢&subgroup conditions”.

Considering that VKA’ is a subgroup condition, the statistics becomeaKges
appear in bold):

VKA & drug_X too high INR (VKA=vitamin K antagonist)
confidence = P(too high INR | VK& drug_X ) = 10%
prevalence = P( too high INRVKA) = 10%

relative risk = confidence / prevaleneel

Fisher’'s exact test p valuel

In that example, the rules cannot be validated amgnas the Fisher's exact test p
value is not significant anymore.

In the rules generated in this work, the followsupgroups are systematically used to
correct the statistics:

- “VKA” is used as “subgroup condition” (and is matiyadded if necessary)
as soon as the outcome is one of the following:

0 “too high an INR” (VKA overdose, risk of hemorrhgge
0 “too low an INR” (VKA underdose, risk of thrombokis
o ‘“vitamin K administration” (probable sign of VKA avdose)
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- “"Heparin” is used as “subgroup condition” for thetaome “too long APTT”
(Heparin overdose, risk of hemorrhage)

- When the outcome is “hyperkalemia”, two subgrougssystematically mined
separately: patients with renal failure and pasemthout renal failure.

- Finally, in most cases, when the outcome is a d@seref blood cell count
(thrombopenia, anemia, neutropenia), the only destdgroup is made up of
patients without any ICD10 code of malignant digeas

In all those cases, the “subgroup” approach previtret false discovery of rules.

The segmentation conditionsare conditions that can modify the probabilitytioé
outcome. They are systematically explored. Thefmd®n helped to improve rule
management by reducing overlap and void spacesleingmting such conditions
(when justified) also helps to reduce over-alertibigre is a simple example of 2
rules:

drug_X & age 70 => renal failure

confidence=15%

explanation: drug_X can induce renal failure
drug_X & age<70=> renal failure

confidence=3%

explanation: drug_X can induce renal failure

The explanation of the rules is exactly the sanu,far a given stay zero or one of
those rules will fire, providing a more reliablendialence.

3.5. Central rule repository

A central rule repository is built. The aim is toogp together rules from various
origins through a common format, and to automdticaecute and test all the rules
in all the available datasets.

3.5.1. Knowledge integrated in the Central rule rep  ository

The central rule repository is fed by different sms:

Automatic rule production from the Denain hospi(e) and the RegionH
hospital (Dk), using data mining (decision treesd amssociation rules)
[Chazard 2009 (2)].

Manual transformation of rules coming from foreigources: academic
knowledge from the SPCs (provided by the Vidal Camp and scientific
articles (presently Jah et al.)

The different sources of rules are explained hezeaHow the rules are stored and
what they are used for are also described.

Each of the various sources of ADE rules has ite olaracteristics. A comparison is
provided in Table 18. It seems that an efficierle nepository should incorporate
rules from various sources because of the advasmyk drawbacks of each method.
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Table 18. General considerations about various sooes of rules

Academic Staff operated

Question knowledge record reviews Data mining

Number of rules Very high Low Medium

Need for validation No, already Yes, performed during  Yes, must _be perfo_rmed,
performed before the review but sometimes difficult

Confidence of the rules Not available Computedpeets Automatically computed

Depends on the

Number of the conditions Few (1 or 2) : Variable, potentially high
review, often few

Popplatlon segmentation, No No Yes

confidence optimization

Ability to propose rules when conditions

never occur (e.g. absolute contra- Yes No No

indications)

Ability to describe Yes Sometimes possible No

very rare events

Yes depending on the methods

Ability to find all the interesting (association rules better than

Yes Yes but limited by the

rules of a dataset size of the review .
decision trees)

Time needed to find rules Already available  Vemgdiconsuming Quite fast

Time needed to update confidence over Not possible Very time-consuming Very fast

space and times

3.5.1.1. Rules discovered by data mining (decision trees and
association rules)

As described previously, data mining is used in ghesent work to discover ADE
detection rules. Decision trees [Breiman 1984, Bdy}996, Lavarc 1999, Piatetsky-
Shapiro 1991, Quinlan 1986, Ripley 1996, Zhang 200herneau 2007] and
association rules [Agrawal 1993] are used. Thesrale computed separately for each
medical department and are tuned and organized bgnamittee of experts. The
obtained rules associate a variable number of tondito a traceable outcome and
take chronology into account. The conditions careharious natures:

a drug prescription

the presence of a group of ICD10 diagnoses
an acute or chronic laboratory result anomaly
data about the patient (e.g. gender, age)

data about the organizational conditions of thephiakstay (e.g. admission by
emergency, with a too high INR, on Saturday, etc.)

Advantages:
The rules can be automatically implemented.
Confidence (positive predictive value) and suppoetprovided.

Each rule can consider a variable number of cadis®g, various natures (lab,
drugs, diagnoses, demographic and administrativeahlas, organizational
causes).

The population is segmented in order to optimize dbnfidence of the rules
and to decrease over-alerting.

The rules are contextualized: their confidenceoimputed separately on each
medical department.
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Drawbacks:

Only events that are not too rare can be obsereeduse a strong statistical
link is required. Rare or unobserved events ardraated.

Only conditions that are observed can be consideadxdolute contra-
indications should never appear in the output, vewéheir implementation in
a CDSS is mandatory. For instance, if two drugs @etraindicated in
association because of a high probability of outepowe hope we’ll never be
able to observe those drugs in association. As\aempence we won't be able
to discover such a rule by means of data miningvéd@r, the integration of
such a rule is mandatory in case it would happen.

Trees are known for their instability in relationithvsampling and for the risk
of omitting interesting rules in case an intereggtocondition always ranks
second in the procedure.

Integration of this knowledge in the repository:

The rules are implemented without any change irrdheerepository. Only the
rules that can be validated by the expert in agesgwith SPCs, drug-related
web information portals or Pubmed referenced asicire used [Morimoto
2004, Chazard 2009, Vidal 2009, Pubmed 2009].

3.5.1.2. Rules from academic knowledge

Vidal S.A. [Vidal 2009] is a French company thabyides information about drugs
and therapeutics. That information is used by atrahd-rench physicians and is also
available in different languages in other countri¢glal’s knowledge comes from
official summaries of product characteristics, rdce studies, official
recommendations, literature, and experts’ advicelaké products and services
include drug information, therapeutic guidelinesl @ecision support modules. Being
a partner of the project, the Vidal Company prositt@malized association rules that
are deduced from the summaries of product charsittst Those SPCs are initially
produced by the French national drug agency, thE3¥PS (Agence Francaise de
Sécurité Sanitaire des Produits de Santé) [AFSSARS].

The rules provided by Vidal S.A. describe four tlevels:
absolute contra-indication,
relative contra-indication,
use caution, and
notice.

The rules are always built as follows: two causesipht together are linked to one
effect. The effect is expressed according to anetgry thesaurus. Both causes can
be of several kinds (but at least one of the camutis a drug or a class of drugs):

drugs or classes of drugs

classes of diagnoses

creatinine clearance lower than a given threshold
age, gender, pregnancy, allergies, breast feeding...

Advantages:
That source provides all the “official” informati@nd is exhaustive.
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Even rare outcomes are mentioned.

Even conditions that might never occur togetherdascribed (exhaustive list
of absolute contra-indications).

Drawbacks:
The number of rules is very high.

Support and confidence (positive predictive value§)the rules are not
provided (academic knowledge relies on clinicabl&i and spontaneous
declarations that do not reflect the prevalenceADEs [Morimoto 2004,

Murff 2003]).

Some outcomes described by the rules are not edéndbe EHRs except in
unstructured free text (e.g. clinical events). Ostme of the outcomes are
usable in this work. For that purpose, a mappirgtbde defined.

There are only and always two conditions per miesegmentation.

There is no contextualization: the knowledge ispsaged to be valuable all
over the hospitals and medical units.

Integration of this knowledge in the repository:
The rules are first restricted to absolute contidieiations.

The rules are then limited to those where the efean outcome that can be
traced in the database. Some approximations are tdonace some outcomes,
e.g. ‘drug_A => rhabdomyolysis is transformed into drug A =>
hyperkalemia & elevation of muscle enzymes & remalfficiency.

Only rules that were not already discovered byDh& Mining procedure are
added into the repository.

3.5.1.3. Rules from scientific articles

In a recent paper, Jah et al. published a lisOadl8rts from the VigiLanz commercial
application [Jha 2008]. Those alerts are rules aseg@ of a drug as the cause, and a
laboratory alert. Ten of those alerts are validag@DESs or potential ADES.

Advantages:
The rules are easy to implement, the outcome cedtale.
Rules have been validated by a staff operated deesrew.
Confidence (positive predictive value) and suppaste been computed.
Drawbacks:
The number of events is low.
There is only and always one condition per rulerehs no segmentation.
The rules are not contextualized.
Integration of this knowledge in the repository:
The rules are implemented without any change irraleerepository.

3.5.2. Rule description and storage in the central rule repository
An XML [XML 2009] scheme has been conceived to defhe rules. XML is chosen
because of the following characteristics:
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XML enables to build semi-structured databasesraptex data scheme with
much cardinality can be defined in a much simplaywhan by using
relational databases. Any update of the schemasig teo.

XML can be easily produced by many programs. Rptcriare able to
automatically generate XML in addition to standaydtput (Figure 26).
During the test phase, it was easier to edit the dath only a simple text
editor and to get preliminary results.

XSL and XSL-FO transformation enable to quickly igasmany kinds of
outputs (e.g. text files, HTML, PDF, and other XMiiles). All the
programming languages are able to load XML datachvis useful when the
computations are too complex for XSLT.

A unique central repository can then be used teestth our knowledge about
ADEs, including free text comments and bibliograptaferences.

The XML data scheme contains two main parts: (&) ride description (2) the last
available data about rule occurrences on everyep{ggure 27). A more detailed
description of those files (rules, roots of rulescurrences, lexicon, explanations...)
is provided in the Appendix in the sectib®.2 (Rules XML files)

Figure 26. Automatic XML output of R scripts
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Figure 27. XML data scheme

All the rules are included in the central reposit@Figure 28) and, whatever their
origin, in a few minutes all the validated rules ¢@ automatically evaluated in every
medical department (Figure 29) [Chazard 2009 (#hht evaluation is important for

several reasons:

- A rule might have been discovered in only one meddiepartment or directly
imported from academic knowledge. It must be eualllan every other
department.

- The hospitals that don’t have any CPOE are not @zedule discovery, but
can be used for automated machine evaluation ofrtles and then for
potential ADE detection.

- Some additional statistics are interesting and havee computed. They are
detailed below.

- Time consideration is complex and is partially taketo account in the data-
mining discovery of rules. Conversely, the automateachine evaluation of
the rules fully respects time constraints.

The automated machine evaluation of the rules tree90,000 available stays from
all the hospital partners.
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The automated machine evaluation of the rules esatd add knowledge into the
database: rule occurrences. It is possible to anseseral questions for each rule,
separately in each medical department. A rule setaof conditions leading to an
outcome, such &; & ... & C,=>0. The questions are:
- Do some hospital stays match the conditions?
number of stays = #(£C ... € Cy)
- Among those stays, do some stays encounter thetexpeutcome?
number of stays =#( @ C, C ... € C)
support =P(OCC, C ... CCy)
confidence=P(O | CC ... CCk)
- What are the identifiers of the stays that matehdbmplete rule? They will be
used in the case review.
- Is it possible to quantify the strength of the asstoon?
P(O/C,C...CC,)

P(O/(C,G...GC,))
p value of the Fisher’s exact test for independdretyeen the outcome (O)
and the set of conditions(@& ... C Cy)
NB: the computation is less optimistic in some saase discussed in the
section 3.4.5 (Step 5: validation of the rules)
- When the outcome occurs, what is the delay betweenonditions and the
outcome?

relative risk RR=
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median delay between t1 and t2 where
t1: time when all the conditions are met
t2: time when the outcome occurs

- Are those patients similar to others? (Descripstatistics only)
on the subset @ C; C ... € C, compute some descriptive statistics: sex
ratio, average age, proportion of alcoholism, prajpan of renal failure,
proportion of hepatic insufficiency, etc.

- What happens then to those patients? (Descriptatestscs only)
on the subset @ C; ¢ ... € C,, compute some descriptive statistics:
proportion of death, average length of stay, etc.

3.6. Conclusion

In the Methodchapter, data extracted from hospitals are minechéans of decision
trees and association rules in order to identifyEA@etection rules. Those rules are
filtered, tuned and validated by Experts. They thien described into a central rule
repository. This rule repository is completed usimdes from the summaries of
product characteristics, and rules from a commeAZE detection system. All the
rules are described by using the same formalisnenTthe rules are automatically
evaluated in all the datasets. This enables tonzatioally compute statistics for each
rule in each medical department, and to detecinpiateADE cases.
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4. RESULTS

4.1. Overview of the chapter

A first part of the chapter gives an overview of thata mining results, through some
examples of decision trees (label 1 of Figure &@fisn4.2 of the present chapter).
Then the decision rules that are present in theenepository are described, as well as
the statistics that are computed by means of madmmmomated rule evaluation (label
2 of Figure 30, sectiom.3 of the present chapter). Preliminary resultsthod
evaluation of the clinical impact of ADEs are pmail in sectiond.4 (as this
evaluation is not automated, it is not displayedayure 30). Finally, the web tools
that enable ADE-related knowledge display and casew are presented through a
use case (label 3 of Figure 30, sectiof of the present chapter). Those tools are fed
by the data of the repository, the rules of theos@pry, and the statistics that have
been computed.

Figure 30. Breadcrumb trail — Results of data minimy,
rules of the repository and related statistics, wekools

4.2. Overview of data-mining results
Decision trees and association rules are systeafigticomputed in order to explain

each outcome by all the available potential coodgj in every hospital, and then in
every medical departments. Thousands of ruleswdoeratically generated.

Example of decision tree and rule generation
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In the following example the outcome “VKA underdd#sR<1.6)” is followed-up.
When patients are under vitamin K antagonist (VKPdatment, the international
normalized ratio from prothrombin times (INR) isa¢ed in order to evaluate the
treatment. In the case of too high INR, there k& overdose; the patient could
present a hemorrhage. In the case of too low INBretis a VKA underdose; the
patient is exposed to a risk of thrombosis. A tsegutomatically generated.

The first split of the tree shows that the outcoimemostly associated with the
admission of a patient with too high an INR (riskbbeeding, Figure 31). When a
patient is admitted into the department with toghhan INR, there might be an over-
correction of the treatment and a risk of thrombasi29 % of cases. Elderly patients
admitted with too high an INR and a hypoalbuminemuia over-corrected in 87 %
cases. Albumin is the blood protein to which VKA=® dinked. Only the unlinked
fraction of VKASs is biologically active. Hypoalbumemia was probably the cause of
the too high INR but it also increases the effelctV&A correction, which was
probably ignored by the physician.
That rule is interesting because it mixes togettmexe kinds of conditions:

a pharmacokinetics condition: hypoalbuminemia

an epidemiological condition: the age

an organizational condition: admission with toothan INR

The patients who are admitted with a normal INRugadnd receive at the same time
VKA and a digestive prokinetic drug have too lowI&iRR in 67 % cases (Figure 32).
Digestive prokinetic drugs decrease the bio-avditglof VKA.

The patients aged less than 76 who are given VKd\lzeta lactam antibiotics have
too low an INR in 60 % cases (Figure 32). Sevantdrpretations are possible: the
antibiotic indicates an infection; infections maycliease hepatic catabolism and
decrease VKA bio-availability. Otherwise, antiba#tidecrease vitamin K production
in the digestive tract, that effect might be kncavnd overbalanced by the physician.
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[ Too low INR during the stay (p=1,08%) |

Too high INR ft the entry?

No Yes
Vitamine K antagonist?
No Yes
0,8%
Prokinetic jrug?
No
0,5% 7,75%
0,
0% 58,3%
Betalactamy antibiotic?
No Yes
4.8% 66,7%
Age >[76.257? o
0,
No Yes 20% 85,7%
2,65%
0 30%
60% 0%
Figure 31. First rule gives p(too low INR during say)=86 % instead of 1 %
[ Too low INR during the stay (p=1,08%) | [[Too low INR during the stay (p=1,08%) |
No Too high INR fit the entry? ves No Too high INR ft the enty? Yes
1,08% 1,08%
Vitamine K fintagonist? Age>[185 Vitamine K fintagonist? Age =185
Y No Yes No Yes
o Prokinetic firug? 292% 8% Prokinetic frug? . 292%
05% ves 5% No
Hypoalbyminemia? Hypoalbyminemia?
No Yes No Yes
0% 58.5% 0% 583%
Betalactan| antibiotic? Betalactam fntibiotic?
No Yes
66,7% 66.7%

Age >[76.252
Yes

20%

85,7%

0%

60%

20% 85,7%

Figure 32. Second and third rules give p(too low IR during stay)= 67% and 80%

Overview of the rules discovered by means of daiaimg

For many kinds of outcomes, several cases are \@isan the database and, by
means of data mining, reproducible causes areifthtor those outcomes. Some of
those causes are drug administrations or drug wlise@tions. This is detailed in the
following sections. Those outcomes are presentdcioie 19.
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Table 19 Traceable outcomes that enabled to discav&DE detection rules

Anemia (Hb<10g/dl)

Bacterial infection (detected by prescription ofiliotic)

Diarrhea (detected by prescription of an anti-dieal)

Diarrhea (detected by prescription of an antiprepel)

Fungal infection (detected by prescription of aaysc antifungal)
Fungal infection (detected by prescription of gofsdvin)

Fungal infection (detected by the prescriptionazfall antifungal)
Hemorrhage (detected by a prescription of haeniostat

Heparin overdose (APTT>1.23)

Hepatic cholestasis (alkal. phosphatase>240 Ubliloubins>22 pmol/l)
Hepatic cytolysis (alanine transa.>110 Ul/I or atgia transa.>110 Ul/I)
High a CPK rate (CPK>195 UI/I)

Hypereosinophilia (eosinophilocytesap

Hyperkalemia (K>5.3 mmol/l)

Hypernatremia (N&150 mmol/l)

Hypocalcemia (Cd<2.2 mmol/l)

Hypokalemia (K<3.0 mmol/l)

Hyponatremia (N&130 mmol/l)

Increase of pancreatic enzymes (amylase>90 Ulippase>90 Ul/I)
Neutropenia (count<1500/min

Renal failure (creat.>135 pmol/L or urea>8.0 mmol/l
Thrombocytosis (count>600,000)

Thrombopenia (count<75,000)

VKA overdose (detected by a prescription of vitamin

VKA overdose (INR>4.9)

VKA underdose (INR<1.6)

In the dataset that is used in this work, somerotliécomes are quite rare, so that
they do not allow for data-mining-based rule disgv For example, too high
digoxinemia blood levels couldn’t be observed. Atanvulsive drugs were observed
(it might be a signal of seizure) but they wererlyealways administered from the
day of admission: in the dataset there was probablyany first seizure during
hospitalization. The outcomes that are too rareuta induction in the current dataset
are presented in Table 20.

Table 20 Traceable outcomes for which no case orddew cases can be observed in the dataset

Outcome Number Incidence rate

Acetaminophen overdose 1 0.00% [0;0]
(detected by prescription of N-acetyl-cystein)

Digitalis overdose 0 0.00% [0;0]
(detected by the prescription of antidote)

Digitalis overdose (digoxinemia>2.6 nmol/l) 17 0.03% [0.03;0.03]

Drug overdose leading to methemoglobin formation 0 0.00% [0;0]
(detected by the prescription of antidote)

Drug overdose leading to sulfhemoglobin formation 0 0.00% [0:0]
(detected by the prescription of antidote)

Glaucoma (detected by the prescription 58 0.11% [0.11;0.11]
of antiglaucoma miotic)

Hyperalbuminemia (alouminemia>60 g/l) 0 0.00% [0;0]

Hypercalcemia (calcemia>2.6 mmol/l) 92 0.15% [0.15;0.19]

Hypocapnia 73 0.33% [0.32;0.33]

Lithium overdose (to high a lithium rate) 2 0.00% [0;0]
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Opioids overdose 11 0.02% [0.02;0.02]
(detected by the prescription of antidote)
Pancytopenia 71 0.11% [0.11;0.11]

Such outcomes should probably be explored agabigger datasets. However, this
kind of situation justifies the import of ADE detem rules from the summaries of
product characteristics.

Finally, for some specific outcomes, several casesobserved but cannot be linked
to any drug reproducible context in the currenadat. Those outcomes seem to be
more in relation with the patients’ underlying cdrahs than with the medication
management. This is the direct opposite of the A@dHinition we use. It is
comforting to observe that a great number of ouepare due to the diseases of the
patients rather than the drugs they are administéde rule could be found in the
present work, but perhaps another dataset coulgre interesting results

Those outcomes are presented in Table 21.

Table 21 Traceable outcomes that don't allow for AIB detection rule discovery

Outcome Number Incidence rate
Acidosis (pH<7.35) 263 1.17% [1.16;1.19]
Alkalosis (pH>7.45) 451 2.01% [1.99;2.04]
Cardiac failure 258 0.48%  [0.48,0.49]
(detected by prescription of cardiotonic agent)
Delirium (detected by the prescription of an antipsychotic) 983 1.83%  [1.82;1.85]
Gastric ulcer (detected by the prescription of antiH2) 233 0.43%  [0.43;0.44]
Hypercapnia 297 1.33%  [1.31;1.34]
Hyperglycemia (detected by the prescription 296 0.55%  [0.55;0.56]
of insulin analogue)
Hyperglycemia (glycemia>15 mmol/l) 246 0.39% [0.39;0.4]
Hyperthyroidism 145 0.24%  [0.23;0.24]
(T4>160 nmol/l or fT4>22 pmol/l or T3>3 nmol/l)
Hypoalbuminemia (albuminemia<30 g/l) 1712 2.75%  [2.73;2.77]
Hypoglycemia (glycemia<2.8 mmol/l) 141 0.23%  [0.22;0.23]
Hypothyroidism 427 0.69% [0.69;0.7]
(T4<60 nmol/l or fT4<12 pmol/l or T3<1 nmol/l)
Hypoxemia 379 1.69% [1.67;1.71]
Inflammation (CRP>12 mg/l or VS1>50) 3145 5.05%  [5.01;5.08]
Leukocytosis (leukocytes>15.109/1) 862 1.38%  [1.37;1.39]
Leucopenia (leukocytes<3.109/1) 195 0.31% [0.31;0.32]
Edema (detected by the prescription of diuretic) 1173 2.19% [2.17;2.21]
Seizure (detected by the prescription of intravenous 725 1.35%  [1.34;1.36]

anticonvulsive)

A representative example of such outcomes is tbaroence of a leucopenia, defined
as a leukocyte count under 3*1er liter of blood appearing at least 2 days afier
admission. The decision tree that tries to expdaich an outcome is printed in Figure
33.
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Hemostasis disease

TS
No n=6093 Yes
Immunomodulating factor Cancer
No n=5979 Yes No n=112 Yes

Antiepileptic

0.0070¢
n=5021 YES

Anemia Other hepatic disease
Antithrombotic No|[  ~@  |ves  Yes[ wz [No

mr

=28 Yes| n30 [No

Anticonvulsivant

T

n=63 No| n29 |Yes

0.0952 0.444
n=21 n=9

0.0455 0.429
n=22 n=¢

Figure 33. Decision tree: circunstances that leadta leukopenia (leukocyte count <9/l)

The branch that is drawn in red provides us withftllowing rule:
Hemostasis disease & cancer & other hepatic diseadeucopenia
with 12 stays matching the conditions
# (Hemostasis diseagg cancerC other hepatic disease) = 12
and 6 stays matching the conditions and the outcome
# (Hemostasis diseagg cancer other hepatic diseasg€ leucopenia) = 6
the confidence of the rule is then 6/12 = 50%

Such a rule does not contain any drug-related tiondiln that case, the outcome
seems to be more linked with the patient’s undegyconditions than with the
medication management.

In the other rules of the present tree, some dapgear but they are always involved
knowing that a severe disease is already observed:

- The antiepileptic and antithrombotic drugs are lmgd knowing that the
patient already receives immunomodulating factdsgf such drugs are
administered only in severe hematologic diseaseaddlition, their presence is
linked with the absence of outcome.

- The anticonvulsivant drugs only appear knowing that patient already has
an anemia.
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The list below reproduces all the rules that canclael in the tree, from the right to the
left. Each branch provides the probability (p) tlaateucopenia occurs. Drugs are
underlined:

"H# $ $ % % &'#(
)# $ $ *+ % % &'
M $ *+ $ $ &'#-).
# $ *+ $ &+ &#-((
(# $ *t $*+ &'
1# *+ $ $*+

$+ % &'#---
o# *+ $ $*+

$_ % &'#'.()
1# *+ $ $ &'
MR+ $*+ &#"'0

How many outcomes are mined, how many of them aetedted by the rules?

Figure 34 is a flowchart of the different outcontkat are explored during the data-
mining process. The review of the SPCs enableddntify 228 different outcomes:

83 of them can be traced in the current data bynsie& 56 specific variables (some
of the 83 initial outcomes are very similar to @mother):

- 12 of those outcomes are so rare that no rule eadidzovered by means of
data mining

- 18 of those outcomes frequently occur but seenmetmbre in relation to the
patients’ underlying conditions than to medicatmanagement

- Finally 26 of those outcomes appear to occur iati@h to the medication, and
allow for rule discovery.

Finally 27 outcomes are taken on board by the ABtedion rules that are described
in the rule repository, as 40 additional rules frtme Vidal's knowledge base are
added in the rule collection as detailed in sectidh3.3 Qrigin of the rules (data
mining, SPC9)on page 110.

7 7
_ 0
) 5%
/‘ 4 5 %
/ 7 "1 4 "
N1 ( </ 5 % 6 8
2 3 .
| ")

Figure 34. Flowchart of the different outcomes expglred in this work
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4.3. Decision rules integrated in the central rule repository

4.3.1. Validated rules

Two hundred and thirty-six validated rules are nmtegrated in a central rule
repository. This list is probably not exhaustivéher datasets would probably enable
to detect other rules. The complete list is prodide chapterl4 (Appendix 6:
Validated rule} on page 227. The following statistics are autecady computed for
each rule in every medical department:

- number of cases, confidence and support
- relative risk, p value of a Fisher’s exact test
- median delay of appearance of the outcome, othgrdeal quantiles
- descriptive statistics of the concerned cases
A complete output is available in English, Frenald ®anish.

The following section displays the complete exampiefive decision rules. Such
outputs are computed for all the 236 rules and cba displayed here.

4.3.2. Detailed example of five rules

In the five following examples, a rule is first debed as a set of conditions that lead
to an outcome. The link between causes and consegsiés illustrated using a right
arrow “ . When a condition is the absence of an eventctmalition appears in
gray.

For each rule, a table is provided. In the tables hospitals (H1, H2, H3, H4 & H5)
are displayed. For each hospital, the first linealled “Hx_all” and shows the various
statistics when computed in every medical departraethe same time. Then, when
available, the statistics are computed departmgdepartment.

Below the table, some free-text is made availablese explanations are to be used
in the Scorecards (a web tool presented in sedtid(Presentation of the results: the
Expert Explorer and the Scorecajden page 117) and for the design of a
contextualized CDSS. There are 3 kinds of text:

- A short text that can be used to display the exgilans briefly.

- A long text that explains the rule in details. longetimes includes
bibliographic references.

- A text that can be used as recommendation of action

The different lines of the table help to noticetttiee confidence of the rules varies a
lot from one department to another. It is probathlye to differences in the patient
population (age and disease patterns), in thentes@{ and in monitoring policies.
Taking into account those various statistics widyent the CDSS from over alerting.
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Example of rule b003-0
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Example of rule b004-0
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Example of rule b012-1
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Example of rule b038-0
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Example of rule b134-0
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4.3.3. Classification / Overview of the rules

The 236 rules can be classified according to séyiats of view. The following
sections describe three kinds of classifications.

4.3.3.1. Modules

A module corresponds to a group of rules that teatie same outcome. The modules
and number of rules are detailed in Table 22.

Table 22. Modules and corresponding number of rules

Module # rules
Coagulation disorders
hemorrhage (detected by the prescription of haemostatic) 7
heparin overdose (activated partial thromboplastin time>1.23) 5
VKA overdose (INR>4.9) 57
VKA overdose (detected by the prescription of vitamin K) 2
thrombocytosis (count>600,000) 5
thrombopenia (count<75,000) 24
VKA underdose (INR<1.6) 18
Nosocomial infections
bacterial infection (detected by the prescription of antibiotic) 4
fungal infection (detected by the prescription of a systemic antifungal) 8
fungal infection (detected by the prescription of local antifungal) 2
lonic and renal disorders
hyperkalemia (K">5.3 mmol/l) 63
hypocalcemia (Ca™ <2.2 mmol/l) 1
hypokalemia (K*<3.0 mmol/l) 1
hyponatremia (Na'<130 mmol/l) 2
renal failure (creat.>135 umol/l or urea>8 mmol/l) 8
Others
anemia (Hb<10g/dl) 2
diarrhea (detected by the prescription of an anti-diarrheal) 1
diarrhea (detected by the prescription of an antipropulsive) 1
hepatic cholestasis

(alkaline phosphatase>240 Ul/I or bilirubins>22 pmol/l) 3
hepatic cytolysis

(alanine transaminase>110 Ul/l or

aspartate transaminase>110 Ul/l) 4
high a CPK rate (CPK>195 UI/l) 2
hypereosinophilia (eosinophilocytes>10°/l) 4
increase of pancreatic enzymes (amylase>90 Ul/I or lipase>90 Ul/I) 7
lithium overdose (to high a lithium rate) 1
neutropenia (count<1,500/mm3) 2
pancytopenia 1
paracetamol overdose (detected by the prescription of acetyl-cystein) 1
Total 236

4.3.3.2. Clinical niches

The rules can also be classified according toadimiches. The modules focus on the
different circumstances that could lead to givemcomes. Conversely, the clinical
niches try to explore what could happen to spedficups of patients. Formally,
clinical niches look more like a classification aating to the causes of the rules.
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In the scope of the present work, as proof of threcept, it was decided to focus the
data mining on specific clinical niches:

- the consequences of anticoagulation
- the consequences of proton pump inhibitors

The discovery of rules in those niches is exhaasfaccording to the available
datasets), but it is not in the other niches. Asula consists of one or several
conditions, it can belong to several niches: a ndetaining vitamin K antagonists
and proton pump inhibitors belong to two differenthes. The rules can be classified
as follows:

- the consequences of anticoagulation: 111 rules
- the consequences of proton pump inhibitors: 16rule
- rules out of any clinical niche: 111 rules
The detailed results are displayed in Table 23|el'ah & Table 25.

Table 23 Anticoagulation niche

Module # rules
hemorrhage (detected by the prescription of haemostatic) 7
heparin overdose (activated partial thromboplastin time>1.23) 5
VKA overdose (INR>4.9) 57
hyperkalemia (K+>5.3 mmol/l) 20
thrombopenia (count<75,000) 4
VKA underdose (INR<1.6) 18
Total 111

Table 24 Proton pump inhibitor niche

Module # rules
anemia (Hb<10g/dl)
diarrhea (detected by the prescription of an anti-diarrheal)
diarrhea (detected by the prescription of an antipropulsive)
fungal infection (detected by the prescription of a systemic antifungal)
hemorrhage hazard (INR>4.9)
hepatic cytolysis

(alanine transaminase>110 or aspartate transaminase>110)
hypocalcemia (Ca™ <2.2 mmol/l)
hyponatremia (Na+<130 mmol/l)
increase of pancreatic enzymes (amylase>90 Ul/I or lipase>90 Ul/I)
neutropenia (PNN <1500/mm?®)
thrombopenia (count<75,000)
Total 16

NN R R R
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Table 25 Rules out of the niches

Module # rules

anemia (Hb<10g/dl) 1
bacterial infection (detected by the prescription of antibiotic)
fungal infection (detected by the prescription of a systemic antifungal)
fungal infection (detected by the prescription of local antifungal)
hepatic cholestasis
(alkal. phosphatase>240 Ul/l or bilirubins>22 pmol/l)
hepatic cytolysis
(alanine transaminase>110 Ul/I
or aspartate transaminase>110 Ul/I)
high a CPK rate (CPK>195 UI/l)
hypereosinophilia (eosinophilocytes>109/I)
hyperkalemia (K+>5.3 mmol/l)
hypokalemia (K+<3.0 mmol/l)
increase of pancreatic enzymes (amylase>90 Ul/I or lipase>90 Ul/I)
lithium overdose (too high a lithium level)
neutropenia (PNN <1,500/mm°)
Pancytopenia
paracetamol overdose (detected by the prescription of acetyl-cystein)
VKA overdose (detected by the prescription of vitamin K)
renal failure (creat.>135 pmol/L or urea>8 mmol/L)
thrombocytosis (count>600,000)
thrombopenia (count<75,000)
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Total 111

The

4.3.3.3. Origin of the rules (data mining, SPCs)

236 rules can also be classified into sevextagories (Table 26):

SPCs only:rules that only come from the Vidal knowledge basé that do
not produce significant statistics. The contribotad the present work is to
compute the confidence of those rules, and to dfyaheir usefulness:

40 rules
DM & SPCs: rules that have been found by data mining andicoatl by the
Vidal knowledge base: 25 rules

DM+: rules found by data mining, that are confirmed/ial and bring new
knowledge (additional segmentation conditions, ificemt reorganizing of the
knowledge): 127 rules

DM++: rules found by data mining and that cannot be daarvidal’s
knowledge base but can be indirectly explainedthgminformation coming
from that base (e.g. effect of a drug discontirargtnew context variables,
calcemia instead of albuminemia...):

44 rules
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Table 26 Count of rules per origin

Source # rules

SPCs only 40
DM & SPCs 25
DM+ 127
DM++ 44
Total 236

4.4. Evaluation of the ADE detection: preliminary r  esults

The main operational objective of this work is teadver ADE detection rules and to
execute them in order to detect potential ADE camepast patients’ records. A
further step is to ensure that the cases are réddigs. Another further step is to
evaluate the impact of those ADEs on the patiemtBaspital. For that purpose, an
evaluation is currently being performed in oner@ hospitals. Preliminary results are
detailed here concerning two sets of rules (modlules

- 57 rules leading to a VKA overdoses, detected biN&P>4.9

- 63 rules leading to hyperkalemia;*6.3 mmol/l

Then, a global description of all the potential ADR&ses is provided, whatever the
kind of ADE.

The figures presented in the following subsectiqdst.1, 4.4.2, & 4.4.3) are
computed by using stays from Denain, Frederikslserd Nordsjaelland hospitals
where CPOEs are available, in order to get reliableonological data about the
drugs. As for the rules discovery, only the sténa tasted at least 2 days are used.

In the following subsections, the “filtering of tmeles” refers to the filtering settings

that have been empirically decided in order t@fithe rules in the Scorecards and in
the CDSS. For a given hospital, only the rules theet the 3 following conditions are

applied (those statistics are described in se@ibr2 Rule description and storage in

the central rule repositoly

- confidence 10%
- relativerisk > 1
- p value of the Fisher’s exact test < 5%

The next subsections provide the preliminary resoilthe evaluation of several rules:
- rules that deal with the appearance of a hyperkal¢sectior4.4.1),
- rules that deal with the appearance of a VKA ovsed@ectior.4.2), and
- all the rules grouped together.4.3).

4.4.1. Cases of Hyperkalemia (K+>5.3 mmol/l)

4.4.1.1. Definition

In this work, hyperkalemia is defined as the oocence of a potassium blood level
strictly over 5.3 mmol/l. This outcome is importdr@cause such a value could lead to
severe and potentially lethal cardiac rhythm treablPatients suffering from renal
insufficiency are more likely to have a hyperkalamspontaneously or due to the
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action of drugs. Patients who don’t suffer from alemsufficiency can also have
hyperkalemia, mainly as part of adverse drug events

4.4.1.2. Rule-based detection

Number of cases:

In the test hospital, 604 cases of hyperkalemia l@curred during hospitalization
(second day or later), over 36,210 stays. The emud rate amounts to 1.67%
[1.65;1.69]0f the stays

Note: Most of those cases are probably more inti@tato the patient’s underlying conditions than to
drug intakes.

Number of cases within validated rules:
Without filtering the rules, 588 cases of hyperkaike have occurred within the rules.
The incidence rate amounts to 1.6Q2%1;1.64]of the stays.

Filtering the rules, 322 cases of hyperkalemia haseurred within the rules. The
incidence rate amounts to 0.89948;0.90]0of the stays.

Number of rules:

The cases of hyperkalemia are detected by meag8 ofiles: 29 of them concern
patients without renal failure and 34 of them conceatients suffering from renal
failure.

Estimate of the accuracy of the detection rules:

29 different cases from the test hospital have eeiewed by experts. According to
them, there was an ADE as described in the rulé®iases. The estimate of the
accuracy of the rules in the field of hyperkalemid@5.9%69.0;82.7]

4.4.1.3. Clinical impact of ADEs leading to hyperka lemia

In the test hospital, 175 cases of hyperkalemiadatected using the ADE detection
rules, over 21,737 stays. Two groups are defined:

- the 175 stays that involve a hyperkalemia withia fitered rules, that are
called “potential ADE group”

- the 21,562 other stays, that are called “controugf

Both groups are compared with respect to severdéblas. Several differences are
found and displayed here. Comparisons of quantéatiariables are computed by
means of Student’s tests. Comparison of binaryabées are computed by means of
Fisher's exact tests (as the proportion of ADEois,|Chi-square tests are not always
feasible). Confidence intervals are provided wib&o confidence.

A cause-to-effect relationship would require a ctete case review that is not
performed here.
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Higher length of stay in potential ADE group

The average length of stay in
control group is 7.96 days
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Figure 35. Length of stay in control group (left)
and potential ADE group (right)

Higher death rate in potential ADE group

The proportion of death in control group is 3.15%.

The proportion of death in potential ADE group &42%.

The odds ratio is 1.08;16.5] which is significantly different from 1 (p < 2.26).

Higher multimorbidity rate in potential ADE group

The “multimorbidity” variable is set to 1 if the ftBrent principal diagnoses of the
stay belong to several medical specialties; othswtiis set to 0.

The proportion of multimorbidity in control group 8.15%.
The proportion of multimorbidity in potential ADE@up is 10.9%.
The odds ratio is 3.2.25;6.30] which is significantly different from 1 (p = 2.446).

4.4.2. Cases of VKA overdose (INR>4.9)

4.4.2.1. Definition

Patients who are at risk of thrombosis or myocéaidiarction are most often treated
using vitamin K antagonists (VKAS). In that cades tlose must be regularly adapted.
For that purpose, the International Normalized &R&cbm prothrombin times (INR) is
systematically assessed. In case of too high an tN&e is a VKA overdose: the
patient is at risk of encountering a hemorrhagecdse of too high an INR, the
therapeutic choice of the practitioner dependsheniidR level. In this work an INR
over 4.9 is considered as “too high”. For very higthues, the VKA can be stopped,
and vitamin K can be administered. If the patientoeinters a hemorrhage, a
traceable consequence can be the occurrence okama
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4.4.2.2. Rule-based detection

Number of cases:

292 cases of VKA overdoses (INR>4.9, second dalater) have occurred during
hospitalization over 35,442 stays. The incidende smounts to 0.82%6.82;0.83] of
the stays.

Note: Most of those cases are more probably linkil the patient’s diet or genetic background than
with drug interactions.

Number of cases within the validated rules:

Without filtering the rules, 248 cases occurredhwitthe rules. The incidence rate
amounts to 0.70%®.69;0.71]of the stays. The number of cases and the incedeate
are the same when the rules are filtered.

Number of rules:

57 rules enable to detecting VKA overdoses. 1heit involve VKA, antibiotics and
sometimes other conditions. 44 other rules invM¥#&\, other drugs than antibiotics
and sometimes other conditions. Finally, 6 othdesuinvolve VKA and other
conditions that are not related to drugs.

Estimate of the accuracy of the detection rules:

11 different cases from the test hospital have beeiewed by experts. According to
them, there was an ADE as described in the rulgs aases. The estimate of the
accuracy of the rules in the field of VKA overdose45.4%430.5;60.4]

4.4.2.3. Clinical impact of ADEs leading to VKA ove  rdoses

In the test hospital, 232 cases of VKA overdosetected by an INR over 4.9) are
detected using the ADE detection rules, over 21st8ys. Two groups are defined:

- the 232 stays that have an INR over 4.9 withinfiltered rules, that are called
“potential ADE group”

- the 21,505 other stays, that are called “controugf

Both groups are compared with respect to severdéblas. Several differences are
found and are displayed here. Comparisons of (a#ing variables are computed by
means of Student’s tests. Comparison of binaryabées are computed by means of
Fisher's exact tests (as the proportion of ADEois,|Chi-square tests are not always
feasible). Confidence intervals are provided wib&o confidence.

A cause-to-effect relationship would require a ctete case review that is not
performed here.
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Higher length of stay in potential ADE group

The average length of stay in g .
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Figure 36. Length of stay in control group (left)
and potential ADE group (right)

Higher death rate in potential ADE group

The proportion of death in control group is 3.28%.

The proportion of death in potential ADE group i63%.

The odds ratio is 2.8.77;4.63] It is significantly different from 1 (p = 3.74&))

Higher multimorbidity rate in potential ADE group

The “multimorbidity” binary variable is set to 1tifie different principal diagnoses of
the stay belong to several medical specialtiegraiise it is set to 0.

The proportion of multimorbidity in control group 8.07%.
The proportion of multimorbidity in potential ADE@up is 6.90%.
The odds ratio is 2.3.30;3.91] It is significantly different from 0 (p=0.00323).

Higher vitamin K administration rate in potential RE group

This binary variable is set to 1 if vitamin K ismathistered in the absence of too high
an INR, or if vitamin K is administereguickly afterthe occurrence of too high an
INR; otherwise it is set to O.

The proportion of vitamin K administration in cooitgroup is 1.06%.
The proportion of vitamin K administration in potieh ADE group is 23.3%.
The odds ratio is 289.9;39.7] It is significantly different from 1 (p< 2.2e-16)

Lower anemia rate in potential ADE group

This binary variable is set to 1 if an anemia osdarthe absence of too high an INR,
or if an anemia occurguickly afterthe occurrence of too high an INR; otherwise it is
set to 0.

The proportion of anemia in control group is 15.9%.
The proportion of anemia in potential ADE group i86%.
The odds ratio is 0.41.26;0.72] It is significantly different from 1 (p0.000379).
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Higher VKA discontinuation rate in potential ADE grup

VKA are considered as “discontinued” after a givete if the VKA is administered
before the given date and never administered #fedrdate until the discharge. The
binary variable “VKA discontinuation” is set to fla VKA is discontinued before the
discharge in the absence of too high an INR, &rK#A is discontinued before the
discharge anduickly afterthe occurrence of too high an INR; otherwise gasto O.
The proportion of vitamin K administration in cooitgroup is 7.16%.

The proportion of vitamin K administration in potieth ADE group is 32.8%.

The odds ratio is 6.3.72;8.41]. It is significantly different from 1 (p < 2.2e5)L

4.4.3. All kinds of potential ADE

4.4.3.1. Rule-based detection

All the stays that match any of the validated r@esconsidered as “potential ADES”.
This groups together very various outcomes, frormdrehage hazard to fungal
infections. It is useful in order to get globaltsacs on ADEs.

Number of cases within validated rules:

Without filtering the rules, 3,333 cases of potehtADE have occurred. The
incidence rate amounts to 9.409481,9.49]of the stays.

Filtering the rules, 1,431 cases of potential ADdvén occurred. The incidence rate
amounts to 4.04%4.00;4.08]of the stays.

As the review is still in progress and has beest fiocused on VKA overdoses and
cases of hyperkalemia, it is still not possibleptovide global figures about the
accuracy of the rules.

4.4.3.2. Clinical impact of potential ADEs (all tog  ether)

In the test hospital, 451 cases are detected Ing tise complete set of ADE detection
rules, over 21,737 stays. Two groups are defined:

- the 451 stays for which at least one of the fillereles fires, that are called
“potential ADE group”

- the 21,286 other stays, that are called “controugf

Both groups are compared with respect to severdéblas. Several differences are
found and displayed here. Comparisons of quantéatiariables are computed by
means of Student’s tests. Comparison of binaryabées are computed by means of
Fisher's exact tests (as the proportion of ADEois,|Chi-square tests are not always
feasible). Confidence intervals are provided wib&o confidence.
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Higher length of stay in potential ADE group
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Figure 37. Length of stay in control group (left)
and potential ADE group (right)

Higher death rate in potential ADE group

The proportion of death in control group is 3.07%.

The proportion of death in potential ADE group &4%%.

The odds ratio is 6.2.71;8.08] which is significantly different from 1 (p < 2.26).

Higher multimorbidity rate in potential ADE group

The “multimorbidity” variable is set to 1 if the ftBrent principal diagnoses of the
stay belong to several medical specialties; othswtiis set to 0.

The proportion of multimorbidity in control group 2.99%.
The proportion of multimorbidity in potential ADE@up is 9.09%.
The odds ratio is 3.2.27;4.53] which is significantly different from 1 (p = 9.89.0).

4.5. Presentation of the results: the Expert Explor er and the
Scorecards

This section shows two web tools that are desigage@art of this work. Both tools
enable to display information to physicians in thedical departments. The Expert
Explorer is a tool that enables to display all #wailable information about a given
stay (hospitalization): diagnoses, lab resultsgdyetc. The Scorecards is a tool that
displays the rules and the statistics that hava bemputed within the present work.

An overview of those tools is described, and comepleby an ODP-compliant
description that is provided in the appendix. Toeld are presented through a use
case that will give a more comprehensive view of tleey can be used.
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4.5.1. Description of the Expert Explorer

The Expert Explorer is a web tool that enablesispldy all the details of a given stay
in an easy-to-use navigation interface. The dagal@ded by using the same data
model as defined in sectidh2 (Definition of a common data modein page 50.
Once logged in, everyone can simply visualize ladl &vailable information about a
given stay.

The Expert Explorer has been totally specified a$ @f the present work. It has been
implemented by IDEEA Advertising, a Romanian sof@vangineering company that
is involved in the PSIP Project.

A complete ODP-compliant description of the tool asailable in chapterlO
(Appendix 2: ODP description of the Expert Expldren page 163. However, the
section4.5.3(Use case example of the web tools for ADE disgovedatabasgson
page 118 shows a complete use case that helpsdtrstand more easily the main
features of the tool.

4.5.2. Description of the Scorecards

The Scorecards are a web tool that enables totd®Hes in the past stays of a given
medical department or hospital. The tool is coneecto the Expert Explorer
described above. The tool is directly fed with thsults of the present work, in the
XML format defined in chaptet2 (Appendix 4: Description of the output of this work
(use ofthe XML files)) on page 201. Once logged in, the user can sepadteatial
ADEs that are detected by the data mining procedaraddition, the rules that help
to detect several cases in the medical departmdmbspital are displayed, as well as
information about ADEs. Finally, it is possible ¥tsualize the real-data cases that
match the rules by means of the Expert Exploreis ool is very convenient for
physicians because it enables them to learn whi€@ES may occur in their
department, and to be informed about probabilities.

The Scorecards have been totally specified asqgbatie present work. In addition,
this visualization tool is fed by the XML files ptoced in the present work. It has
been implemented by IDEEA Advertising too.

A complete ODP-compliant description of the tool asailable in chapterll
(Appendix 3: ODP description of the Scorecards)page 186. However, the section
4.5.3(Use case example of the web tools for ADE disgaunedatabasgn page 118
shows a complete use case that helps to understaral easily the main features of
the tool.

4.5.3. Use case example of the web tools for ADE di scovery in
databases

This section shows a sequence of commented scisngiat correspond to the
following possible scenarios:

“A physician working in a hospital, from which theeb tools are available, uses
those tools for 3 purposes.

Firstly, he wants to have a comprehensive overaietie ADEs that have been
detected in his medical department during the éastonths (scenario 1).
Secondly, he wants to explore one of those prob&bIe cases to form his own
opinion (scenario 2).

Thirdly, he has to participate in the review of soases (scenario 3).”
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This use case is developed in the next three sectio

4.5.3.1. Scenario 1: Comprehensive overview of pote ntial
ADEs in a given medical department - the Scorecards

As the Scorecards are a web tool, the user justchase a computer connected to the
web and equipped with a web browser. He first lags the Scorecards (Figure 38).

¥ PSIP - Scarecards Connection Page - Mozilla Firefox:
Fichier Edition  Affichage  Historique  Marque-pages  Outils 7.

http:f . expert-explorer eu/scorecards!

(;w. Scorecards / Tableaux de Bord

Haspital / Hopital ¥
Depertment/Senice ¥
Password / Mot de passe

Connection / Connexion

Figure 38. Login page of the Scorecards

Then, he has access to the synthesis page (Figurd8the tool is multilingual, the
user is able to get it in French, English or Danising the language toolbox on the

top of the page.
The synthesis page (Figure 39) consists of 3 zones:

1. The big blue table displays the number of deteé&BdEs month per month.
Each line of the table is a kind of ADE; each catuista month of the current
year.

2. The line chart displays the same information addbée using a chart

3. In the yellow zone, the user can change the péniadder to explore the years
2007, 2008 or 2009 instead of 2010. He is also &blhoose some kinds of
ADEs and validate the form in order to generate dbarecards per kind of

ADE.
In this example, the user checks 5 different kiodADEs that are of interest for him
and he validates the form.
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PSIP - Scorecards Synthesis - Mozilla Firefox

Fichier Edition &ffichage  Historique  Marque-pages  Outils 7
g, & ar % (o btz o, expert-sxplorer eufscorscards synthesis, php?lang=en - | D= { J
1w PSIP - Scorecards Synthesis + '
7/// 5
: 7.
ou are logged &3t expert [Engish |  Print Contact  Disconnect @
Synthesis \
Number of stays with adverse events
Deselectall || Selectall Jan | Feb | Mar | Apr | May | Jun | Jul | Aug | Sep | Oct | How | Dec
WA averdoss (INR-4.9) 5 B 3 & 3 B 4 |
VA averdoss (detectsd by a prascription 3 o 2 q 3 A
at witamin )
Anemia (et D) 1 2 4 3 4 3 1 1
Bacterial infection (detected by prescription
of antibiotic) & 5 = e 2 2 i
Disrrhoe (detected by preseription of an
anti-diarrhoeal) 1 b 1 ! 2 & i
Diarrhoea (detected by prescription of an
antipropulsive) 2 I 1 i 2 b Y
Renal failure (creat.=135 micromaollL or a 10 12 10 18 13 l
ures=16.6 mmolL)
Thrombasytosis (court=G00,000) 2 4 1 a 2 2 1
Thrombopenia (court=73,0001 K 3 4 K 3 4 2
Musber of detected cases by effect and by month <
Edit detailed statistics
[ Analysis period
JanHul 2010 ) ‘
[~ Detected effects
Selectall ] I Deselectall
KA, overdose (INR=4.9) (33)
[ igh & CPH rate (CPK=195 LI (5)
WA overdose (detected by a prescription of witamin K) (17)
[ hypereosinophilia téosinophiie=10°9 1) (7)
[ anemia (Ho=1 e/ (18]
Iyperkalemia (H+=5 3) (65)
] bacterial infection (detscted by prescrigtion of artisictic) (25) 3
O hypocalcemia (ca++<2.2 mmald) (7)
D diarrhoea (detected by prescription of an anti-ciarrhosal) (3
[ hypokalemia (H+=3) (2)
] diarrhoea detected by prescription of an antipropulsive) (21
[ hyporatremia (Nas<130) (4)
] fungal intection (detectee by prescription of & systemic
antifungal) (15) [ inerease of pancrestic enzymes (amylase=90 LN or
- lipase=a0 LI (5)
fungal infection (detected by the prescription of local antifungal) (13)
[ neutropenia (court=1500imma3) (11
hemorrhage (detected by a prescription of hemostatic) (25)
D renal failure (creat=135 micromalil or urea=16.6 mmolL)
D heparin overdose (APTT=1.23) (2) (76)
[ hepstic cholestasis (alkal. phosphatase=240 11 or birubing=22 [ thrombocytosis (eourt=600,000) (15)
mald) (223
D thrombopenia (count=73,000) (26)
[ bepatic cytobysis (alanine transa =110 or aspartate transa_=110) (3)
Generate Scorecards }
v
Terming & @

Figure 39. Synthesis page of the Scorecards

Once the user has validated the form, a new pager@=40) displays 5 links to the 5
different scorecards he has asked for.
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) PSIP - Generating Scorecards - Mozilla Firefox

Fichier Edition Affichage Historique Marque-pages Outis 7

i PSIP - Generating Scorecards =+

ou are longed &5 exp

it % (' http: v, expert-explorer.eujscorecards/scorecard_generation.php v < | @ y:

[English | Prit Corlact  Disconne ot (g}

Scorecards generated

Return o synthesis

s VKA averdose (INR=4.9) - View Scorecard

* VKA overdose (detected by a prescription of vitamin K) - Wiew Scorecard

¢ fungal infection (detected by the prescription of local antifungal) - View Scorecard
* hemarrhage (detected by a prescription of hemostatic) - View Scorecard

o hyperkalemia (K+=53) - View Scorecard

Tetming €W

Figure 40. List of generated scorecards

In this use case, the user focuses on the latdsbroe, that describes cases of
hyperkalemia (K>5.3): this kind of abnormal lab value endangess fatient, as it
could lead to lethal cardiac rhythm troubles. Tteeruclicks (Figure 40) on the
hypertext link “View Scorecard” to reach the pagke page opens (Figure 41).

The complete scorecard is displayed (Figure 41%. ¢bnceived to be either explored
on the screen or printed on paper. The page cavanones:

1. Atthe top of the page, the user can read the peti@ place, and the outcome
that is traced

2. In the yellow area, descriptive statistics are cota@. They describe all the
stays that have been detected within all the rules.

3. In the blue zone, all the rules that enable toadgietential ADE cases in the
current department are displayed. For instance,uie can read that Low
Molecular Weight Heparins (LMWH) can induce hypdekaia especially for
patients suffering from renal insufficiency (rule°l. In the current
department, 17% of patients with LMWH and renaluf@ encountered a
hyperkalemia in a median delay of 4.5 days (2 Jases

4. At the bottom of the page, more detailed explamatiare provided for each
rule. They can be reached by clicking on the irdehypertext links placed on
the number of each rule.
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Conditions leading to Hyperkalemia (K+>5.3) Numbsuofonsas \
confidence ; median delay
{1) LMWH can induce hyperkaliemia, specially with renal 2
insufficiency. =
Renal fallure & Low welght heparin & Age <70 17% ; 4.5)
(2) HMWH can induce hyperkaliemia, specially with ACE inhibi 2
and renal insufficiency. =
Renal fallure & High welght heparin & Anglotensin conversion enzyme inhibitor 13% ;2§
(3) The suspension of some laxatives may reveal hyperkalemia. &
Renal fallure & Suspension of other laxative & Hepatic cholestasis 34% ;2
(4) The p of prop may reveal hyper o
Renal fallure & Propulsive laxative 34% 2 3
(5) Angi g and sartans may cause 3
hyperkalemia. =
Renal fallure & Angiotensin conversion enzyme inhibitor & Oploid 1% 2
(6) The suspension of potassium lowering diuretic may reveal 6
hyperkalemia. =
Renal fallure & Suspension of potassium lowering diuretic & NO Thrombin Inhibitor 11% 1 3
{7) The ion of ami I ide may reveal hy 5
Renal fallure & Suspension of aminoglycoside 17%; 15
(8) Prescription of nonsteroidal anti-inflammatory drugs may cause 4
hyperkalemia. =
Renal fallure & NSAI & N tic 50% ;1)
GLOBAL 65 }
Confidence (a%): percentage of stays for which the effect oecurs among the stays meeting the conditions.
Median delay: from the moment when all conditions of the rule are met, period from which over 50% of effects will be appeared.
Details of rules \

[1] LMWH can induce hyperkaliemia, specially with renal insufficiency.
Renal fallure & Low weight heparin & Age < 70 — Hyperkalemia (K+>5.3)

Somes aldosteronism or metabolic acidosis cases have been described with heparins. The risk is increased
in case of a kidney insufficiency.

Réf. : Martindale -The complete drug reference- 34&éme ed, The Pharmaceutical Press, London 2005 :
927-31.

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

i

[2] HMWH can induce hyperkaliemia, specially with ACE inhibitors and renal insufficiency.
Renal failure & High weight heparin & Angiotensin conversion 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.

Réf. : Martindale -The complete drug reference- 34éme ed, The Pharmaceutical Press, London 2005 :
927-31.

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

Figure 41. Scorecard of hyperkalemia (K>5.3)
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If the user wants to check one of those staysubehas to click on the number of
stays beside a given rule, on the right. Doing (Rigure 42), a popup displays the
different cases that match the rule. If the usekslon the “View stays details”
hypertext link, he is automatically redirected lte Expert Explorer. The user doesn’t
have to log in again or to retrieve the stay.

Figure 42. When required, a popup displays the IDsf the potential ADE cases.

4.5.3.2. Scenario 2: Description of a given stay -  the Expert
Explorer

Immediately after having clicked on the identifief a given stay, the user is
redirected to the Expert Explorer. We directly shib main screen of this tool here
(Figure 43).
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Figure 43. Main screen of the Expert Explorer
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Figure 44. The 3 zones of the Expert Explorer maipage

The screen is made up of 3 main parts (Figure #gkire 43):
- A: the header contains several buttons that willibscribed later

- B: the drug panel helps reviewing all the drugg thlaere administered to the
patient

- C: the lab panel helps reviewing all the laborat@sults
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Figure 45. Use of the lab panel

Let’s review first the lab panel. By clicking onethK1” checkbox (label 1 on Figure
45, see also Figure 43), the user makes the Patasshart appear on the screen.
Several charts can appear on the same page ifsaeges

In this case the user notices that the Potassiumreaches a value of 5.7 on the
seventh day (label 2 on Figure 45, the red dotiteel lhas been manually added for
didactic purposes).

The Potassium checkbox has a blue background belcause it is identified as the
outcome within the rules that fire on the presé¢ay.s
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Figure 46. When required, a popup displays informabn
about the rules that fire on the current stay

If the user wants to see the rules that fire fat tstay, he just has to click on the
button “rules info” in the head panel. A popup agseas displayed in Figure 46.

In the present case, according to the rules, thesdinvolved are statins, beta
blockers, angiotensin conversion enzyme inhibaod potassium.
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Figure 47. Analysis of the administered drugs

On the drug panel (Figure 47 & Figure 43), the wser now review the drugs. The
drugs that correspond to the various rules appea pink background so that they
are easy to localize (labels 1-4). The user caclcHeat the potassium (label 1), the
beta blocker (label 2), the association of the @tegisin conversion enzyme inhibitor
and potassium sparing diuretic (label 3) and tlairst(label 4) were administered
before day 7, the date of the outcome. All thosagslrare known to increase the
potassium blood level. On Figure 47, two red dolieels have been manually added
for didactic purposes; they show the seventh ddooth lab chart and drug chart.

In the present example, the user can also notieergactions of the physicians.
Hopefully the potassium is suspended before thetkgbemia occurs (label 1). But
as the potassium level reaches a very high levghotassium lowering drug is
administered during the seventh day (label 5).
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Figure 48. The "more information" popup

The user can also access additional informatiodlibking on the “more information”
button of the head panel. A popup appears as gsgplan Figure 48. It enables to
review the ICD10 diagnoses that have been encogddebphysicians. In the present
case, the hypokalemia is encoded, but not the kgjsmnia.

Finally, the tool also enables the user to readatimymized letters and reports. This
feature is not shown here and is detailed in thé>@Bscription of the tool in chapter
10. In that precise case, the hypokalemia is meeatioin the report but not the
hyperkalemia. The physician concludes “woman adwitfor a hypokalemia in
relation to a gastro-enteritis (...) after correctithre potassium level is normal (...)".

4.5.3.3. Scenario 3: Review of a stay

Finally, some users are also designated as Exgedtare allowed to give their advice
on a given stay to validate it ageal case of ADE. If the user is an expert, he can
review a stay for which one or several rules fitdd.can then fill in a form in order to
validate the ADE status of the stay, and to qubke ¢ause-to-effect relationship
described by the rules. This information will beedsin order to assess theal
positive predictive value of the set of rules, tisizvery important for the assessment
of the system.

The forms are not detailed here. Only the mainew\page is displayed (Figure 49).
For each stay, the following features are avaitable

- A picture showing whether the stay has already begrewed or not (top,
middle)

- Alink to the Expert Explorer for the present s(eop, left)
- Alink to the forms that are used to validate ttagy gtop, right)
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- Then, the list of the rules that fire for the pras&tay is provided. Beside each
rule there is a link to the details of the rules.

Indeed, for a given stay, several rules might éinel predict the same outcome at the
same time.

Figure 49. List of the potential ADE cases to revie
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5. DISCUSSION

5.1. Contribution of the present work to ADE detect  ion

Summary

In this work, a common data model is first defirffeee sectio2.1 on page 49). More
than 90,000 complete stays are loaded into a repgpdhat fits the data model. Those
complete records include diagnoses, lab resultsy ddministrations, administrative
and demographic data as well as free-text rep@ften the drugs are not available
from any CPOE, they are extracted from the fre¢-tegorts by means of semantic
mining (see sectio?.4 on page 59). Then, ADE detection rules areodised by
means of data mining, in particular decision traed association rules (see sec3idn
on page 74). Those rules are completed by using $DE detection rules extracted
from the SPCs. All in all, 236 rules are describey enable to trace 27 different
outcomes (see sectichl on page 95). All those rules are described singua
common formalism and are loaded into a common nepesitory (see sectidh5 on
page 86). There, all the 236 rules are automajiGadkessed in every hospital and
every medical department. Several statistics aten@atically computed, such as the
confidence. In addition, two web tools are desigmedrder to show epidemiological
information about the potential ADE cases and fol@e those cases (see sectdoh
on page 117). Finally, a preliminary evaluatiortlod clinical impact of the potential
ADEs is performed as well as a preliminary evalatof the accuracy of the ADE
detection (see sectigh4 on page 111).

Data sources

Many other scientific papers deal with rule-basetkdtion of adverse drug events.
Those papers concern prospective ADE preventiohinvd CDSS [Paterno 2009, Jha
2008] or retrospective ADE detection past stays [Honigman 2001, Kaushal 2003].
The fact that the rules are used for ADE detecto®DE prevention doesn’t have

any impact on the formalism or the content of thies. The present work deals with
retrospective ADE detection, but also proposessi the same detection rules in a
CDSS for ADE prevention: the rules are versatile.

As in the present work, the various contributioss the same information source for
ADE detection:

- data from the EHRs: diagnostic codes (ICD10 or IED&ug allergies,
patients’ characteristics (demographic data, pregyla and laboratory results
[Kaushal 2003],

- data from the CPOESs: drugs with or without doseugteal 2003], and
- free-text reports [Honigman 2001].

Formalism and content of the rules

In all the papers that have been reviewed, eaehcamsists of one or two conditions
that lead to an effect. Those two conditions caofidifferent types but, as diagnostic
codes and free-text are not available when a CI33%ed, they are not involved in
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the rules usable for ADE prevention. The conditioeed in the ADE detection rules
can be of different types:

- adrug and another drug [Bates 1994, Jha 1998FDeR000, Gandhi 2005,
Judge 2006, Paterno 2009, Schedelbauer 2009, T889]

- adrug and a lab result [Bates 1994, Kuperman 198&,1998, Honigman
2001, Field 2004, Morimoto 2004, Schedelbauer 2009]

- a drug alone with its dose [Bates 1994, Morimot04£0Gandhi 2005, Judge
2006]

- adrug and a patient characteristic [Bates 1994jrivtdo 2004]

- adrug with its dose and a patient characteriSiahgdelbauer 2009]

- adrug and a drug allergy [Bates 1994, HonigmariL28@hedelbauer 2009]
- adrug and a chronic disease [Schedelbauer 2009]

The present work uses nearly all the previous kofdsonditions combined together.
Only drug doses and drug allergies are not takém aocount. In the PSIP project,
those features are supposed to be already implech@nthe CPOESs instead of being
supported by the CDSS itself. In addition, the enéswork considers drug

discontinuations as conditions of an ADE; this deatis not described in other
researches.

In several works, a traceable outcome is availdhl¢Handler 2007], Handler et al.
perform a systematic review of 12 studies desagit86 unique ADE signals. Over
the 36 different signals that are detected, 7 dmaiistrations of antidotes, and 19 are
abnormal laboratory test results; 10 are suprapleertsc medication levels which
formally peaking are not an outcome but a suspgicucumstance. In the present
work, an outcome is systematically traced and awofbabnormal laboratory results
(38 kinds of outcomes, from which 19 are involvadADE detection rules), or drug
prescriptions (18 kinds of outcomes, from whichré mvolved in ADE detection
rules). As the doses are not used, we are not tbldetect supreatherapeutic
medication levels.

Finally, despite a low number of conditions invalvia the rules, some projects use
segmentation conditions, i.e. conditions that doaxplain the outcome but modulate
its confidence. Those conditions are the age, ¢nalrfunction, the hepatic function

and the patient’'s weight [Bates 1994, Schedelb2068]. In the present work, such
conditions exist but are not systematic: they aedwonly if the Data Mining shows

that they significantly modulate the confidence tbé rules. Unfortunately, the

patient’s weight is not used as it is not suffitiherdocumented in the data. But the
method used here would enable to take the weightaiccount in another dataset.

Schedlbauer et al. describe a typology of ADE pnéwe rules [Schedlbauer 2009].
According to the authors, the rules can be class#is follows (Table 27).

Table 27. Categories of drug alerts [Shedlbauer 200

BA. Basic Drug Alerts
Provision of basic clinical decision support. Ctial information systems should first have
basic alerting systems in place before moving omdoe enhanced alerting features.

o BAL. Drug allergy warnings
Alert is generated in orders of medication to whiich patient has an electronically
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documented allergy

o BAZ2. Drug-drug interactions
Alert is generated when the mode of action of ang & known to be affected by
the simultaneous prescribing of another drug.

o BAS3. Duplicate medication or therapeutic duplicataderts
Alert is generated when the patient is already ndng the medication just ordored
or a different drug in the same therapeutic catggor

o BAA4. Basic medication order guidance
Alerts providing dosing strings with default dosioging the most appropriate
initial dosing

AA. Advanced Drug Alerts
Provision of enhanced clinical decision suppor€ROE system.

o AAL. Drug-lab alerts
Alerts are generated when administration of druguiees close monitoring of
laboratory parameters before or/and after admirasion.

o AAZ2. Drug-condition alerts
Raise awareness of specific prescribing for certainditions.

AA2.1 Drug-disease contraindication alerts
alerts are generated to warn against prescribinguakertain drug in a
specific disease.

AA2.2 Drug-condition alerts aiming at appropriategcribing
alerts are generated to encourage prescribing oédain drug in a
specific disease or condition.

AA2.3 Drug-age alerts
Alerts are generated to discourage prescribing ofeain drug in the
elderly.

o0 AAS3. Drug-formulary alerts
alert provided when a particular brand or drug istrincluded or not recommended
in the formulary of the prescribing location.

o AAA4. Dosing guidelines
Advanced medication dosing alerts that take intooaat complex patient
characteristics such as age, weight, height, réaattion, liver function, and fluid
status; co-morbidities, other medications the patimay be currently taking and
indication for the drug.

AA4.1 Dosing guidelines based on renal function
AA4.2 Dosing guidelines based on age

AA4.3 Dosing guidelines based on pregnancy/feméle o
childbearing potential

AA4.4 Dosing guidelines based on pediatric patievaght
based dosing

AA4.5 Dosing guidelines based on drug utilizatiestriction
AA4.6 Dosing guidelines based on indications

o AAS5. Complex prescribing alerts
Combined features of basic and advanced alerts

Rules of typeBA1 describe drug-allergy warnings. This feature is/vmportant, but
such rules can probably not be found by using datang as those events are never
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supposed to occur. This is typically the reason aingh rules must be imported from
an SPC knowledge base such as provided by the \Gdatpany. However, this
feature is not so simple to implement, as the dilleggies are not precisely described
in the ICD10 classification. As a consequence, enyEHRS, drug allergies are
described by using free text and are difficultake into account automatically.

Rules of typeBA2 are generated in the present work.

Rules of typeBA3 and BA4 are out of the scope of the present work, but are
mandatory in any CPOE. As part of the PSIP Projastthis kind of alert is quite
classical, it was decided that it was taken carbyothe CPOE itself and not by the
CDSS developed in the project.

Rules of typeAAl andAA2 are typically what is done in the present workaditition
to all theAA2.xtypes, the present work adds a significant coatigin by identifying
other kinds of contexts such as laboratory resulisig discontinuations, and
potentially administrative or organizational comais.

Rules of typeAA3 are very dependent on the local cultures. Sucblsrare not
provided by the present work and probably mainlpee on the scientific and
economic policies of the managers of a hospital.

Dosing guidelines -as described in the rules oé #p4 are not directly provided in

the present work. For technical reasons, the dasesiot taken into account in the
data mining step. However, most of our VKA-relatedes tend to provide dose-
adaptation recommendations.

Finally, most of the rules we provide are “complprescribing alerts”, which
correspond to thAA5type.

Origin of the rules

In many papers that deal with ADE detection or prgwon, the rules have been
written by experts.

In quite numerous studies, data mining is used rialyae ADE reports (post-

marketing data) [Almenoff 2005, Almenoff 2007, B&806, Bennet 2007, Coulter

2001, Hauben 2005]. As opposed to the present woose approaches are based on

classical supervised rule induction. To our miret interest of such an approach is

limited:

- ltis currently admitted that less than 5% of tHeEs are reported. As no data

is available to know whether the 95% other repares missing at random or
not, it is difficult to conclude about the represgiveness of such reports.

- The statistical associations that are discoveredige some results such as
“knowing that an ADEY has been reported, the drXghas a probability of
P(X]Y) to be responsible for the ADE”. But the questibat is of real interest
to the physicians is another one: “Knowing thatdieg X is prescribed, what
is the probability P{]X) that the ADEY occurs?”

If such studies might bring interesting knowledties knowledge can'’t directly be
used for ADE detection or ADE prevention.

The interest of data mining of the EHRs is discdssesome papers [Berlin 2008,
Cerrito 2001] but the “data mining” term often ceats classical multivariate
methods such as logistic regressions, using addnitumber of explicative factors
that are preselected using expert knowledge [In(28@8].
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In the present work, we mine hundreds of variabbkdsacted from the EHRSs, taking
time into account. Data-mining-induced rules anggextracted from the SPCs are
pooled together. 17% of the rules only come from 8PCs, and 72% of the rules
only come from the data mining.

Contextualization of the rules

In this work, all the rules are automatically telsie every hospital and medical
department in order to compute statistics suclhasonfidence. Those statistics vary
with respect to the site. As a consequence, wememnd filtering the rules using
thresholds applied to the local statistics. Inlitezature, it seems that the behaviors of
the CDSSs are never contextualized. Most of the,tino statistic is computed and
when statistics are computed, only one site is aseldno recommendation is made to
filter the rules: the rules are supposed to hagesttme interest everywhere.

Meta-rules and over-alerting prevention

In the literature, meta-rules are not explicithsdébed. Kuperman et al. introduce a
feature that is very close to meta-rules [Kuperni®94]: for instance a patient
receiving both potassium and potassium sparingetiog would only have the
interaction reported if one of the three most rés@mum potassium measurements is
above 4.7 or if the serum potassium has not beeasuned in the last 3 days. This
kind of feature is interesting as it may reducerealerting.

In most papers, this kind of feature is not pogsibk the outcome is described in free
text but cannot be automatically traced, as in \aal's rules describing contra-
indications. Ignoring the appearance of the outc@tbe most classical approach in
the CDSSs, but it induces over-alerting: it is mpaissible to know whether the
outcome is traced or not, is to occur or has ajremdurred.

Meta-rules for the prospective implementation areppsed later in the present
discussion.

Chronology consideration

In the literature, the time constraints seem nobéotaken into account. It is not a
critical issue in the case of prospective impleragoh (CDSS). However, even for a
prospective use when the outcome is traced, tlser® icertitude that the outcome
occurred after the drugs were administered. Inthirel meta-rule we propose in the
present discussion, the problem is solved: wendjaish the case when the conditions
may be responsible from the outcome and the casa Wie conditions may worsen
the outcome. In addition, in the present work wepieically used a 5-day delay: if a
drug is discontinued on daly then it can still be involved in an outcome thaturs
till day d+5. In further works, this 5-day delay should be agpld by using the half-
life of the drug.

Positive predictive values of the set of rules

There are two different ways to compute the posipivedictive value of a set of rules
(Figure 50).
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Figure 50. Two different ways to compute the positie predictive value of a set of rules

The first way is to consider the probability thatase is a real ADE, knowing that the
case matches all the conditions of at least one and leads to the outcome. This
corresponds to the use of rules for ADE detectiorpast records. That figure is
provided in many articles, we’ll call it “PPV1” fepart of Figure 50).

The second way is to consider the probability thegal ADE occurs knowing that the
conditions are met. In that case, we don’t knowhé& outcome occurs or not. This
figure would be useful to qualify the warnings o€BSS that does not wait until the
outcome occurs to alert. That figure is providea ifew articles, we’ll call it “PPV2”
(right part of Figure 50). It should necessarilyleer than PPVL1. If there were only
one rule, PPV2 would result from the multiplicatiohPPV1 and the confidence of
the ruleP(outcome|conditions) = #0/#C

Values of PPV1:

- In Kuperman et al.’s work, PPV1 = 5% [Kuperman 1994

- InJhaetal.’s work, PPV1 = 10.5% [Jha 1998] aR¥VP= 1.6% [Jha 2008].

- In the review performed by Handler et al. [Hand2€07], several outcomes
are considered. Cases of hyperkalemia are tracéd diiferent studies and
lead to PPV1 comprised between 0 and 67%. Cadéfincrease are traced
in 4 different studies and lead to PPV1 comprisetiveen 5% and 100%.
Cases of Vitamin K administration are traced inf8ecent studies and lead to
PPV1 comprised between 2% and 30%.

- In the present work, for rules enabling to dete¢tAVoverdoses we get
PPV1 = 45.4%]30.5;60.4] (see sectiord.4.2.2 on page 114) and for rules
enabling to detect cases of hyperkalemia we get1PPW5.86%[69.0;82.7]
(see sectiod.4.1.2 on page 112). Those very good results aeetal the fact
that the rules are well segmented. In additiorthose modules we expected to
get good results. Other more complex modules wereimcluded in the
review.

Values of PPV2:
- In Field et al.’s work, PPV2 = 6.4% [Field 2004].
- In Honigman et al.’s work, PPV2 = 3.3% for drug-klbrts [Honigman 2001].

Incidence rate of ADEs

According to the literature, ADEs are common anduocin 2.4 to 5.2 per 100
hospitalized adult patients [Bates 1994, Bates 1@98ssen 1997, Nebeker 2005,
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Senst 2001]. In [Jha 1998], 2.8 ADEs occur for Ifiients*days, this could
correspond to 5-10% of the stays.

In the present work, we identify 4% of potential B®in the datasets (see section
4.4.3.1 on page 116). One can assume that on thkasd only half of those potential
ADEs are real cases of ADEs (the accuracy is 459 KA overdoses and 76% for
cases of hyperkalemia). On the other hand, we assimy several purely clinical
outcomes (such as rashes). All in all, those result compatible with the commonly
admitted figure of 5% of ADEs during hospitalizatso However, only a complete
review of the cases and the stays that do no naattghule could enable to provide an
ADE frequency.

Clinical impact of ADEs

The clinical impact of the ADEs is not systemalicaheasured in the literature.
Though, the clinical impact is a part of the deafon of ADEs. In [Kuperman 1994],
3% of the detected interactions with outcome hage to a change in drug
prescriptions. In [Bates 1994], 64% of the ADEs @vasidered as severe. Petersen et
al. [Petersen 1992] define severe ADEs as “ADEsltieg in death, at least 1 month
of disability or a minimum of 4 added hospitalizatidays”. According to [Bates
1997], each ADE is estimated to increase the lengtiospital stay by 2.2 days and
to increase the hospital cost by $3,244.15.

In the present work, several statistics are contpufehe interpretation of the
following figures must be done very carefully: flysthe figures conceripotential
ADE casesand notvalidated ADE casessecondly a cause-to-effect relationship
cannot be established without a complete casewevie

The patients who are qualified gperkalemia as part of a potential ADitave a 9.8
day higher length of stay, and the death rate7igihes higher (see sectidm.1.3 on
page 112).

The patients who are qualified ¥KA overdose as part of a potential AD&ve a 9.9
day higher length of stay, and the death rate7igithes higher (see sectidm.2.3 on
page 114). In addition, the outcome leads to acppm®n of vitamin K in 23.3%
cases and to a definitive VKA discontinuation in82% of cases.

The patients who are qualified pstential ADE (whatever the outcomegve a 10.0
day higher length of stay, and the death rate3githes higher (see sectidm.3.2 on
page 116).

According to those figures, the potential ADEs wbilave an important clinical
impact. But it cannot be excluded that the patidr@tée ADES because of a worse
health status, which could explain the higher nibytaate. However, diagnoses of
severe diseases didn’'t appear as segmentation tiomsdiin the decision trees.
Similarly, the longer the stay is, the higher thielability of detecting outcomes is:
that could explain the higher length of stay. Oe tther hand, specific impact
measures such as “VKA discontinuation” or “vitanknadministration” seem to be
quite reliable.

The grand challenges of clinical decision suppoxtstem

In [Sittig 2008], Sittig et all identify the grarnchallenges of clinical decision support
system. According to the authors, the CDSS of tiheré will have to address several
iIssues that are listed in Table 28.
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Table 28. Summary of the grand challenges of clinéd decision support system [Sittig 2008]

Grand Challenge Description

Improve the human-computer interface

Disseminate best practices in CDS design, dewsop, and implementation
Summarize patient-level information

Prioritize and filter recommendations to the user

Create an architecture for sharing executable @D8&ules and services
Combine recommendations for patients with co-nalitibs

Prioritize CDS content development and implentgsma

Create internet-accessible clinical decision sup@positories

Use free-text information to drive clinical deois support

Mine large clinical databases to create new CDS

© 0 ~NO Ol WDN PP H
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o

The present work and, more generally speakingPBE> Project, answer or try to
answer several points.

Points #1 and #2are well defined in the objectives of the PSIPjéuto Ergonomists,
psychologists and human-factor engineers involvethe project are aware of those
challenges and are currently trying to bring innoxeaanswers to those issues.

Point #3 highlights that most of the time only drug-preption-related conditions are
used in the CDSSs. Concretely, all the CDSSs deebiased, and very often the rules
only take into account drug-related conditions. Tmesent work is innovative as
discussed before, as the data-mining step enablésdgrate diseases, lab results,
drug-related information, demographic informationseX, gender...) and
administrative description of the stays (admisseason or day of week, admission
by emergency or ICU, etc.). Theoretically, in thregent work we would have been
able to discover even organizational causes. Wnfately, the 236 rules we have
discovered “only” take into account the age, chrodiseases, lab results, drug
prescriptions and drug discontinuations, becauserdmng to statistical results the
other conditions don’t appear to be involved in éippearance of the outcomes.

Point #4 highlights that in many existing CDSSs the alarts not sorted nor filtered.
The CDSS that is under development in the PSIPeBrenables to sort and filter the
alerts. Those features are directly based on angtieat contribution of the present
work: we are able to automatically compute sevstaiistics that can be used to sort
and filter the rules, such as the confidence, ét&tive risk and the Fisher’s p value.
In addition, what is not described by Sittig ef &.the possibility that the sorting and
filtering of the rules vary with respect to the gdawhere the CDSS is used: this is
contextualization. That feature is also made ptsdly the present work, as all the
statistics are computed separately in each hospitdlin each medical unit. Contrary
to the accepted wisdom, we demonstrated that thBdemce of the rules is deeply
dependent on the place where they are used. Asngaegoence, defining a
contextualized CDSS seems to be a good way todserthe accuracy of the alerts.

Point #5is addressed by this work, as we have defined amgbped a common data
model, and a sharable set of XML files to desctitmbehavior of the CDSS through
a set of rules and related mappings. In additiothée PSIP Project, the CDSS is not a
standalone application but is reachable through can€ctivity Platform. As a
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consequence, it is very easy to load the same lkugel into a new CDSS, or to
connect any new tool to the existing PSIP CDSSuiifinahe connectivity platform.

Point #6 is only a focus on a specific kind of variableedacan be generalized
through point #3. This issue is fully addressedtly present work. However, it is
interesting to notice that, according to data ngniesults, the laboratory sign of co-
morbidities seems more reliable than the ICD10 dmgpof those morbidities.

Point #7. this challenge is commonly shared by the PSIlepto

Point #8 is now possible as the behavior of a CDSS candseribed by using the
XML files that are provided by the present workteltectual property issues have to
be solved first.

Point #9 is partially addressed in the present work. Indémee-text records are used
for the retrospective data mining that enablessoaver past ADE cases. But till now
free texts have not been used to discover situatadrrisk of ADE within the daily
drug prescriptions. However it would be an intangsfeature, as when a physician
prescribes a drug, the diagnoses of the patieatstdirnot available. But on the other
hand, in the present work the diagnoses of theepiatire not deeply involved in
ADEs, except chronic diseases that can alreadgtheved from the previous stays of
the patient.

Point #10is exactly the objective of the present work.

5.2. Discussion of the method

Weaknesses
Despite its advantages, the present procedurersidiften two main weaknesses.

First, only the data that are recorded can be minedSome clinical events might
occur and might be present in the data of the EHKRuastructured free-text
observation but not encoded as structured infoonaffhe main advantage of non
automated methods is to be able to take into adaaeery kind of information, even
unstructured informations.

Secondlydiagnostic codesare important to describe acute and chronic desedsl!
now we have only been able to take into accountriébrdiseases and acute diseases
that are necessarily the admission ground. Foamest, the diagnosis “polytrauma”
can only be the referral diagnosis, as it is nobpble that a polytrauma occurs during
the hospitalization. Conversely, “hemorrhage” cobéd either the admission ground
or an adverse event occurring during the hosp#tbn. It is simpler for chronic
diseases: a disease labeled as “chronic renaficisaty” is necessarily an admission
ground. In Danish hospitals, the referral diagnasisencoded in the EHR at the
admission, while in France the admission grounceggstered using free-text and is
later encoded as the “principal diagnosis”. Butlggthe physicians are not allowed
to encode it since the patient hasn’t been dis@thrgs a consequence, in a CDSS
context, only the chronic diseases are availalflahe patient has already been
admitted in the past.

Other important data haven't been integrated ag Wexe not sufficiently available:
the patient’'sveight and the patient’drug allergies.

Finally, the binary approach for laboratory results and drug administration
aggregation can be discussed. This kind of transition has the inconvenient of an
information loss. But it enables to date the evestsexample is shown in Figure 51.
The case of this example matches the following: rule
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vitamin K antagonist & hypoalbuminemia risk of hemorrhage (too high INR)

After a binary transformation of VKA doses, albunfilood level and INR (left part
of Figure 51), it appears clearly that the VKA adisiration and the
hypoalbuminemia have predated the too high INR amdcandidates to explain it.
This kind of representation seems to be the only wa discover statistical
associations while taking time into account in mgke of thousands of cases. If we
look at the quantitative variables without any lyjn&ransformation (right part of
Figure 51), depending on the threshold that is @hp# is not clear whether the VKA
administration and the albumin level can explaimot the too high INR values. As
far as we can mine the data, a quantitative appreaems not to be compatible with
the time acknowledgment. In some cases we weretalgenerate some quantitative
variables for data that are measured once andamdg per hospitalization: this is the
case of the patient’s age.

A

l_ h
VKA VKA
A g t > t
l_ - A
Hypoalbu- Albumine \
minemia cause
(cause) 0 ( )
. > > t
Too high INR™ ——  I\R
(effect) (effect)
0 .
> >

t

Figure 51. Example of ADE case matching the rul¢KA & hypoalbuminemia too high INR
Left: with binary transformation. Right: with out binary transformation.

Advantages
The present procedure also has some advantages.

The first advantage is to be able to confirm alyelaabwn rules, to complete existing
knowledge and to discover some new rules, as ddtail Chapterd.3.3.3(Origin of
the rules (data mining, SPC%ih page 110.

The main new kinds of knowledge are:

- The consequences of drug discontinuatiotimse kinds of conditions are
rarely described in the summaries of product charatics. However,
particularly concerning pharmacokinetic drug intéi@ns, it seems easy to
accept that the importance of their effect might tbe same as for the
introduction of new drugs.

- Organizational causeghe rules from the present work can take into anto
practical causes. For instance the condition “tgept has been admitted with
too low an INR” increases the probability that tregient has too high an INR
during the hospitalization. This kind of conditioms typically useful but
absent from academic knowledge. Organizationalioigtances are probably
not enough considered.
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- Segmentation conditionghe aim of such conditions is to identify facttinat
are not directly responsible for an ADE but thagngficantly change the
confidence of the rules. Most of segmentation ciooial are related to the age,
and the threshold that spontaneously appears ysokese to 70 years old. In
many rules, the segmentation condition is the ateseh a drug or a disease,
and this absence increases the confidence of teelnusuch cases, it can be
supposed that, in case the disease or the drugesem, the patient benefits
from more frequent monitoring of many laboratorygraeters. Paradoxically,
the absence of the drug or the disease may indhighar rate of ADEs.

As opposed to academic knowledge, the resultseoptbsent work enable to sort the
knowledge according to the probabilities of thecoutes. For instance the “contra-
indication” and *“use caution” sections of the Fiensummaries of product
characteristics of current VKAs are 3,300 word lohtpreover the knowledge that
first appears in the text is already well-knowntbg physicians so that the events that
are first described rarely occur. The readers wedéd by the huge amount of
information. Conversely, by means of the Scorecardsthe automated computation
of the confidences of the rules, it is possibletfar physicians to get comprehensive
and ordered information about the ADE cases thaltyréhappened in their medical
department. By means of the link that enables tieve the cases in the Expert
Explorer, they can learn while reviewing the caségatients they remember. The
fact that the ADE statistics are linked with reates has an impact on the perception
of the tool by the practitioners of a medical déxpant.

Statistics such as the confidence are automaticaligputed for each rule in each
medical department. The output presented in chdgtekppendix 6: Validated rules)
on page 227 demonstrates that the confidence ofules varies a lot from one
department to another. It is probably due to défifees in the patients, in treatments,
and mostly in monitoring policies. Taking into aoob those various statistics will
prevent the CDSS from over-alerting: by means ofarneles presented in section
5.3.2(Meta-rules for the implementation into a CD®8)page 142t is possible for
the CDSS to have a behavior adapted to the firal us

The fact that the confidences of the rules areuatatl on-the-fly on fresher datasets
will help to monitor the changes in therapeuticichs and consequences in several
medical departments. This is particularly importdat the Prospective Impact
Assessment that will be performed as part of th FPoject (latest workpackage). It
is possible that, if some specific ADEs are highiegl, the medication practices are
improved and the number of cases decreases. Aasugeof the confidences of the
rules could be a good piece of evidence of positiyeact. But on the other hand, in
order to avoid alert-fatigue, it will be very impant to take into account the change
in the confidence and, by means of meta-rule, tctilate some rules. This will be
automatically done by means of the actual prodgaturally, it will be done only for
departments where it is appropriate: the statisiiescomputed separately in every
medical department.

Those results are encouraging and announce a npwaah to the ADE studies,
current approaches being essentially based on spaffated case reviews [Bates
2003] or database queries [Honigman 2001, Honig2@&3, Seger 2007].
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5.3. Perspectives

5.3.1. Reusability of the tools

All the programs and methods that have been us#dnwihis work can easily be
reused in industrial context or in further reseasch

The Expert Explorer and the Scorecardsconsist of a set of PHP Scripts and a
MySQL database, making it easy to install the taslst is on any new web server. A
few hours are required to install duplicate versioh both tools, assuming that data
compliant to the data model are provided as wedl dsscription of users and medical
units. In addition, the SQL scripts are limitedltasic data management operations
and a database abstraction library is used (PDOP Hdhita Objects). As a
consequence, an Oracle database can very easilydoeinstead of MySQL without
modifying the PHP scripts.

The data-mining scripts use the R language. This warrants that those tscaige
widely reusable and can easily be interfaced with existing database system. R is a
system for statistical computation. It consists aflanguage plus a run-time
environment. The R language is very similar in @paece to Chambers & Wilks' S
language. R is free software distributed under &J&le copyleft, and an official
part of the GNU project ("GNU S"). Since 1997, fResource code is updated by a
core group (the "R Core Team"). Besides this comeig many R users contribute
application codes: nearly 1,500 publicly-availapkckages are distributed through
the Comprehensive R Archive Network (CRAN). Dozewfs thousands people
currently use R worldwide.

5.3.2. Meta-rules for the implementation intoa CDS S

The knowledge rules provided by this work are naipprly speaking operational

rules for a CDSS: they describe knowledge and eamsied for ADE detection in past
stays, but they do not explain how a CDSS hasdctiie a prospective use during the
medication process. Three meta-rules enable tefoan the knowledge rules into

operational rules which described the behaviorthefCDSS. They are proposed on
Figure 52, Figure 53 and Figure 54.

For a given medical department, the knowledge rcdesbe ranked into 3 categories:
the rule provides no stay (denominator=0)activate the rule
the rule provides some stays (denominator>0)

butp value> 0.050r confidence< thresholddr relative riskE 1
deactivate the rule

the rule provides some stays (denominator>0)
andp value< 0.05and confidence>thresholdind relative risk > 1
activate the rule

*The threshold has to be defined according to teeesty of the outcome. For
example, a 10 % threshold seems appropriate.

The same static filter is currently applied in 8worecards.

Figure 52. Meta-rule n°1: static filter
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The rules are provided with a description of thiagéetween () all the conditions
are met and £} the outcome occurs. LpBObe the 888 percentile of the delay. As
consequence, when the outcome occurs, in only 20%ases the outcome occy
with a delay greater thgo80 days. In other words, when conditions have been
for a delay op80days, the confidence of the rule is divided by 5.

a

For a given rule in a given medical department, theg80 threshold of the
delay (it is an expiration delay80

For the given stay, compute the delay between esaws®wl now (the
prescription day)delay

If delay>p80, do not use the rule anymore

Figure 53. Meta-rule n°2: temporal filter

This meta-rule is to be used when a rule involvelsiarelated anomaly as the
outcome:
A+B C (C being an abnormal value of a laboratory patam

IF the conditions A&B of the rule are present & thd@come C is not present
& the outcome C is monitored don'’t alert

IF the conditions A&B of the rule are present & thd@come C is not present
& the outcome C is not monitored request monitoring C

IF the conditions A&B of the rule are present & thd@come C is present
alert by showing values of C and explaitording to the chronology of
events:
o IF A&B startedbefore the outcome C: A&B arpotential initial
conditions of the outcome.
o IF A or B startedafter the outcome C: A&B arpotential conditions
of worsening the outcome but not the initial causesf the

outcome.
This meta-rule requires that secondary threshotdsdafined for each laboratory
parameter.
Example:

Initial rule: VKA & hypoalbuminemia too low an INR
If both conditions are present, the behavior of GiESS depends on the INR:

IF INR is monitored & INR is not too low don't alert

IF INR is not monitored request monitoring of the INR
e.g.no value of NPUO1685 is readable in the dataseirduthe last 5 days

IF INR is monitored & INR is too low alert

o IF VKA and hypoalbuminemia were both present betbestoo low
INR value, present conditions as “initial conditsdn

o IF VKA or hypoalbuminemia was not present beforetio low INR
value, present conditions as “worsening conditions”

Figure 54. Meta-rule n°3: rules with laboratory-related outcomes
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5.3.3. Reusability of the rules described using XML files

The main outputs of this work are:

Clean and structured datasetdrom various hospitals and departments

Structured XML files, described in chaptel2 (Appendix 4: Description of
the output of this work (use of the XML filegn page 201, including:

o Mapping policies. those files enable to aggregate the data intatsve
(for diagnoses, drug administrations, and laboyatesults).

0 Rules identified as set of conditions linked to outc@ame

o Occurrences of the rulesi.e. statistics computed for each rule in each
medical department or hospital

0 Lexicon to automatically make the conditions and outcormeshe
rules readable for humans. It provides labels igli&h, French and
Danish.

o Explanations to understand how a rule can be argued and wieat th
prescriber could do when an alert fires. It prosidexts in several
languages (English, French and Danish) for sewesab (short text,
long text, action) and for several users (phys&ianurses and
patients).

Automated HTML output, making it possible to present all the rules,
statistics and explanations at the same time, asvrshin section4.3.2
(Detailed example of five rulesh page 102, and in chaptet (Appendix 6:
Validated rules)n page 227

The format of the structured XML files has beeneagron by all the different users,
who are the persons involved in the next workpaekagf the PSIP Project. Those
XML files are frequently updated and loaded onAilgday several partners for several

uses.:

Retrospective usethe files are used to produce information aboaysfrom
which the patients have already been dischargegl(&i55). For that kind of
use, the present output is used as it is and kedirio all the available stays.
Those stays are stored in a central repositorygrit@sg all the extractions of
all the available hospitals. This kind of architeet is used by several
processes:

o The automated HTML outputs described above

o The periodic ADE Scorecards:this tool enables to visualize the rules
and the related statistics in a given medical depant

o The Questionnaire of the Expert Explorer:it is loaded in order to
review and validate or invalidate the rules

Prospective use: the CDSS-or that kind of use, the present output is used as
it is too. Each time a drug is prescribed, the CRD&vides the Connectivity
Platform developed in PSIP with the data concerrhrgy current stay. The
CDSS is queried and uses the XML files to answegu(le 56). This kind of
architecture will be used by several software apapions:

o The IBM prototype, a tool connected to a CPOE
0 The Medasys Prototype a tool connected to a CPOE
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o The Web prototype a web tool enabling drug prescription
simulations, for education purposes.

o The Patient component a tool designed to provide patients with
information in relation to their own treatment

Figure 56. Prospective use of the set of XML files
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6. CONCLUSION

In this work, we have defined a simple data modegroup together data extracted
from EHRs and CPOEs. This data model has beentoseallect more than 90,000

hospital stays. Mainly by means of data mining, 288 detection rules have been
described in a rule repository through a set ofieasusable XML files. Those rules

enable to detect and prevent 27 different kindsud€omes.

The execution of those rules on large datasetsitdasg past hospitalizations enable
to detect potential ADE cases with a good accuny to compute automatically
interesting statistics. In order to exploit suclsules, two web tools have been
developed and can be easily implemented: the Saaledo display epidemiological
information about ADEs, and the Expert Explorerdwiew the potential ADE cases.
The same rules can also be used for ADE prevemmian CDSS. The definition of
several statistics and related thresholds enablesduce the false positive rates, and
would participate in reducing the over-alerting3iSSs.

The present work contributes to the challenge ofEAdetection. It seems that this
work is the first successful experiment of dataingrbased rule induction for ADE
detection. One output of this work is a set of 2@fidated and commented rules.
Those rules seem to have a good accuracy thanktheéosegmentation and
contextualization of the rules. In addition, thi®nw highlights the contribution of
factors that have always been ignored: drug discoations and organizational
causes.

This work must be continued in order to detect lEsguent outcomes on larger
datasets, to evaluate more precisely the accuractheo ADE detection, and to
guantify more precisely the clinical impact of ADEs

Finally, the method used here can incorporate dilmels of data as soon as they are
available in the EHRs, such as the structured tegidlany paraclinical exam (e.qg.

electrocardiograms). In addition, the method shoaedinexpected ability to detect

some cases of nosocomial infection. This field deseto be more deeply explored.
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9. APPENDIX 1: TIME REQUIRED TO PERFORM THE
DATA MINING TASK

9.1. Objective of this chapter

The main objective of this section is to answee¢hguestions:

- How much time does it require to compute statistits new dataset of an
already known partner?

- How much time does it require to compute statistits dataset of a new
partner?

- How much time does it require to discover new railes

Figure 57 displays the main steps of data extractdata management and data
analysis for one medical department of one hospita¢ different steps to integrate a
hospital in the analysis cycle of this work areadletl hereafter.

Figure 57. Global process for data extraction, datananagement and data analysis
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9.2. Description of the tasks and needed time

9.2.1. Getting data from a hospital, first time

Steps on the diagram: la

Full duration: 1 man-month for the hospital,
1 man-week for the data mining team

Level of automation: Low

The hospital has to perform a data extraction fienEHRs in order to provide

laboratory results, drug prescriptions, diagnoadsjinistrative information and free-
text records. An iterative quality control is perfeed on the data. This quality control
is described in sectioB.2.5 (Iterative quality control)on page 57. The objective of
the quality control is not to correct the datasself but to correct the data extraction
process.

At the same time, as no French hospital is ablprtwide IUPAC codes for their
laboratory investigations, a custom laboratory niagas to be designed. Its aim is
to transform the custom labels of laboratory patanseinto precise and common
laboratory parameter descriptions. The mappingge®as expert-operated. For each
observed laboratory parameter, it uses the lalteés declared units, the reference
interval and the observed distribution of the valirethe dataset.

9.2.2. Getting data from a hospital, next times

Steps on the diagram: 1b
Full duration: <6 hours
Level of automation: Full

Generally speaking, once the first extraction ifqrened, the extraction process is
automated and next data extractions require less @hhours. It is then very easy to
get the updates of the datasets. A fast qualityrobis performed on each new export.

9.2.3. Aggregating the data

Steps on the diagram: 2
Full duration: 1 hour
Level of automation: Full

Some treatments are applied to data so that theypedreated during the next steps.
The design of the mapping policies (diagnoses, agtnative information, drugs, and
laboratory results) is now stable allowing for julutomated transformations.

9.2.4. Discovering new rules

Steps on the diagram: 3
Full duration: ~1 month, several persons
Level of automation: Low
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Discovering new rules follows a three-step procedur

- Statistical outputs are automatically produced rideo to prepare the expert
sessions. Thanks to automation and scripts opttroizait requires only 2
hours. Hundreds of rules are produced but a pierifilg session is performed
and varies with respect to duration.

- Then an expert committee is in charge of filterimglidating, re-organizing
and tuning the rules. This step requires thathal éxperts have prepared the
domains that are investigated. When this is the,casday with 6 experts
usually allows preparing 60 rules. During the smssi explanations of the
rules are prepared.

- Finally, a long step consists of checking and nes@ll the results of the
validation session, as well as preparing and taaing) the explanations of the
rules in English, French and Danish.

9.2.5. Testing the rules of the central repository on an
aggregated dataset

Steps on the diagram: 4
Full duration: 5 hour
Level of automation: Full

All the 236 rules of the central repository candpplied to every medical department
dataset in a few minutes. The process is fully mated.

9.2.6. Publishing the datasets and the rules occurr  ences on the
web tools

Steps on the diagram: 5
Full duration: 3 hours
Level of automation: Full

The datasets are loaded on the Expert Exploreringak possible for physicians to
review all the hospital stays. The rules occurrerare loaded on the Scorecards Tool,
making it possible for the physicians of the deparit to know how many ADE
occurred during the past month, to read the exfitams and to review the related
hospital stays. The process is fully automated.

9.3. “How much time...”: use case point of view

9.3.1. Already known partner: computing statistics

Steps on the diagram: 1b, 2, 4, 5
Full duration: < 7 hours
Level of automation: Full
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Each time a known partner wants to send a new elatde whole process requires
less than 7 hours. This includes:

- the data extraction

- afast quality control

- data aggregation

- computation of the statistics of the rules

- publication of all the files on the Expert Exploesrd Scorecards

9.3.2. New partner: computing statistics

Steps on the diagram: l1a, 2, 4, 5
Full duration: 1-2 months
Level of automation: Full

If a new partner joins the project, it requiresviedn 1 and 2 months for the whole
statistics to be available on the Scorecards fboé steps are the same as above,
except that obtaining a good data extraction reguarlot of time.

9.3.3. Discovering some new rules

Steps on the diagram: 3, 4,5
Full duration: 1 month for several persons
Level of automation: Low

All the available datasets can be used every tindigcover some new rules. The
duration of the process is not dependent on theuatnaf data. Several statistics are
automatically computed but the expert-operate@rfilg and reorganization of the
rules is time-consuming. The process also includeslescription of the explanation
of the rules in English, French and Danish.
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10. APPENDIX 2: ODP DESCRIPTION OF THE EXPERT
EXPLORER

Authors: Adrian Baceanu & Emmanuel Chazard

10.1. User requirement and Enterprise Viewpoint

The PSIP project follows two main objectives:
- To produce epidemiological knowledge on Adversedluents

- To design a clinical decision support system (CD8f)ementing some ADE
detection rules, those rules being deduced from whéing of the structured
hospital data bases, and semantic mining of freectdlections (e.g.
discharge letters).

As a part of the project, an EHR visualization tbals been required. The Expert
Explorer has been designed to meet the followiggirements:

- Stay display: the tool must be able to display a given hospitay by means
of visual and comprehensive pages. This visuatimatbol must display
medical and administrative information including@ginoses and procedures,
drug prescriptions, laboratory results, and rep@ig. discharge letters).

- Stays review and validation:Once a rule provided by the data-mining team
is implemented in the Scorecards (next tool, presem sectiorll on page
186), the Experts must be able to review all thepital stays that match the
rule and to fill an evaluation form. The resultdlwe used to validate the rule.
The rules-review tool uses the stay-display feature

- Reports: the tool also allows for reports design, execu#od display. These
reports will be used by physicians of the mediegattments to get on the fly
customized information about ADESs in their medid@partment.

Moreover, the tool must respect some common repents:

- The tool must be usable for every member of theareh project, some users
being able to connect from another country to ghalsdatabase.

- Anonymity and confidentiality of the datasets ar@nalatory [Bceanu 2009].

The functional requirements to have access to aifgpescorecard are described
below.

For disambiguation purposes, in the present sedtienfollowing terms will be used:

“Rules” and “scorecards” are related to the impletagon of data-mining-
based rules in the Scorecards tool (presentecttroed. 1 on page 186).

- "Queries” and “reports” don't refer to the data-mip results. They are a
feature of the Expert Explorer, which allows theengsto design themselves
queries and to execute them again in report padesse queries and reports
will be called as the “reporting tool of the ExpEstplorer”.

10.1.1. Use case 1

- Goal: To access the details of a specific stay usingjtesf the reporting tool
of the “Expert Explorer”.
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- Actors: Medical Personnel of the hospital, Medical Expar®lved in a case
review, Members of the PSIP project.

- Interface: The “Expert Explorer”, being a web-based data \ligation tool,
has a detailed graphical interface. The functidrtb@interface can be
accessed easily and are available in English,dutgpages are available in
multiple translations like French and Danish.

- Preconditions: The tool must have access to a MySQL databaseinomga
relevant information on clinical stays. The dat&bamist use the PSIP data
model. Anonymity and confidentiality of the datasate mandatory. The
users must know the login credentials.

- Basic course of events:

1. The user opens the application and is presentdd awwelcome message
and the menu

2. The user opens the “Data Set” tab, selects the imgudata set and clicks
“Apply”

3. The user opens the “Reports” tab, then the “Defap®rt” option

4. He then chooses the fields which will be displayedthe lines of the
report, and the fields from the columns of the repbhis way the report is
defined.

5. The user clicks the “Generate” button and the systaves the report

6. The user clicks on the “Report Details” and thetleysdisplays the report

in a table structure, with options to sort the @akblith a click on the
columns names.

7. Then the user can go to the “Rules” tab and sdlextoption “Define
Rule”. This will allow him designing a query.

8. He has to select the fields, the operators andvéihees to construct the
new rule, and he clicks the “Submit” button

9. The system saves the query and provides the usieraviink to the details
of the query. The query is presented as a set mfitons and the stays
that it identifies.

10.The user reviews the details of a stay by clickangts id, which will bring
up the page with all the details for that stay fstef the stay, medical
procedures taken, ICD10 diagnoses, administratedgsdr laboratory
results, laboratory charts, drug charts and freé decuments linked to
that stay).

- Alternative paths:

2a. The user can use the default selected data set

3a. The user can consult a previously generatemttrep

7a. The user can review a previously declared query

10a. The query didn’t find any stay, the user cargck to the page where he
comes from.

- Post Conditions:New report is added to the software. New queriesadded
to the software.
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10.1.2. Use case 2

- Goal: To access the details of a specific stay and camplee pre defined
questionnaire in order to determine if it was oswaan ADE.

- Actors: Medical Experts

- Interface: The “Expert Explorer”, being a web-based data \ligaton tool,
has a detailed graphical interface. The functiohshe interface can be
accessed easily and are available in English, miespages are available in
multiple translations like French and Danish.

- Preconditions: The tool must have access to a MySQL database inoga
relevant information on clinical stays. The databasust use the PSIP data
model. Anonymity and confidentiality of the datasetre mandatory. The
users must know the login credentials and have éBX@ccess.

- Basic course of events

1. The user opens the application and is presentdd awwelcome message
and the menu

2. The user has to login using his username and padswo

3. The user opens the “Data Set” tab, selects the ingdata set and clicks
“Apply”

4. Then the user can go to the “Rules” tab and corikaltist of previously
defined rules

5. User clicks the “See the stays” link
User can select a stay from the list of stays ifledtby the rule

7. User reviews the details of a stay by clicking tnid, which will bring up
the page with all the details for that stay (stgpsthe stay, medical
procedures taken, ICD10 diagnoses, drugs admitadtiralaboratory
results, laboratory charts, drug charts and free decuments linked to
that stay)

8. User access the review page where he is askedaseumstions, one at a
time

o

- Alternative paths
3a. The user can use the default selected data set;

4a. The user can directly access the details afeathat was assigned to him
for review;

8a. If the expert already reviewed the stay, thée fguestionnaire is
automatically completed with his previous answarg] he has the option to
modify his answers, or cancel and go to previoggepa

- Post Conditions: The answers of the questionnaire are saved for late
analysis. Rules reviewed by the user are markegh\aswed by the current
user.

10.1.3. Use case 3

- Goal: Management of data used by the “Expert Exploree¥iew of the
actions of the experts
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- Actors: Tool administrators

- Interface: The “Expert Explorer”, being a web-based data \igaton tool,
has a detailed graphical interface. The functiohghe interface can be
accessed easily and are available in English, duiespages are available in
multiple translations like French and Danish.

- Preconditions: The tool must have access to a MySQL database inomga
relevant information on clinical stays. The databasust use the PSIP data
model. Anonymity and confidentiality of the datasetre mandatory. The
users must know the login credentials and have “iddstrator” access.

- Basic course of events

1. The user opens the application and is presentdd awvelcome message
and the menu

2. The user has to login using his username and padswo
The administrator opens the Admin tab

4. He can download and excel file containing the raspo from
guestionnaires completed between a selected pefidue

5. The administrator can upload a text file contairenigst of stays that need
to be reviewed

6. He can assign for review those stays for a speasfer or to all users

7. The administrator can go to the “Data set” tab seléct the working data
set

8. The administrator updates the data set by uploatbhnthe server the
corresponding text files

9. Then the user can go to the “Rules” tab and corikaltist of previously
defined rules

10. The administrator can validate a specific rule fribat list
11. The administrator can delete a previously declané=l

w

- Alternative paths
9a. User clicks the “See the stays” link of a rule;
9b. He can assign for review the stays found byules

- Post Conditions: Data set is updated. The experts will have newsstay
assigned for review. Some rules could be removed.

Automated detection of Adverse Drug Events by Dditging of Electronic Health Records
Emmanuel Chazard, PhD Thesis Page 166 of 262



10.2. Information Viewpoint

Figure 58. Data flow diagram

10.3. Computational viewpoint

The functional decomposition of the “Expert Expldres shown in the simplified
UML diagram depicted in Figure 59.
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Figure 59. Simplified class diagram

10.4. Engineering viewpoint

The figure shows an overview on the distributedfpten and infrastructure. The
database contains the data available regardingtélys and defined reports or queries.
That information is read by the tool. Then the hssare processed and the data is at
the moment transformed into an Extensible Hyperatkup Language XHTML
file — viewable in a Web browser.

Responses from the tool are stored in the DB. Bataipdates can also be performed
by external applications, but in either situatiarrjgorous check is performed on the
data to be loaded and the results of the loadioggss itself.
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Figure 60. System context diagram showing the engiaring overview

10.5. Technology viewpoint

- The application is written using HTML, CSS, PHPA&yalscript. The tool can
also be installed on the local intranet of an oizon, but it is dependent on
a computer network and a server running the redqurezironment

- The tool is hosted on an Apache Server and cacdessed at the web address
http://www.expert-explorer.eu/

- The application is linked to a MySQL database cosepoof PSIP data model
tables and additional table containing user-relatéormation. As discussed
later, an Oracle database can easily be used dhstea

- Inside the application an extra table is creatadled flat table, which is an
aggregation of the other seven tables and hasietate specific to the data set
used.

10.6. Detailed description of the interface and use flow

10.6.1. Introduction

One of the available solutions to have a data Vimatoon tool was the Oracle
Business Intelligence Suite (OBI). We needed a toatork specially with the PSIP
data model as OBI applies more easily to a Busiimsfligence "star-model". It led
us to develop a custom solution. This solutionvedlovorking especially with the
PSIP data model, to generate laboratory resultstsshdrug charts, and to allow
different users to fill questionnaires to evalutite stays. This solution is a tool easy
to use and focused on the goal it was designed for.

The Expert Explorer is a web-based data visuabmatool. It allows representing
several data from a given stay: medical and adinatige information, diagnosis,
medical procedures, laboratory results and drugcpigtions. The application also
offers a general overview of the medical departmdtie medical personnel can
identify particular cases in the medical unit tieye in charge. This is done by some
primary statistics such as death rate, distribubgrpatient gender or the percent of
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stays that are taken care of in an ICU. The usergemerate reports based on the
available details of the stay. He can target spee#lues of the variables, and see the
distribution of the stays in percent or mean valUdge application is also a tool used
as a support for evaluating the rules defined endata and semantic mining process.

Using Expert Explorer one can apply primary statgsion the existing data sets:
generate reports, update data sets used in thecappl, define queries and load
queries from files, see the details of the staysesponding to the queries.

The Expert Explorer allows for several tasks:
- report generation: reports design using basicssiizgi report publication
- visualization of the hospital stays from variousadats
- queries import: the queries can be then execut&dsqueries

- validation of the stays obtained from data-minitige expert can view the
data-mining-based rules and the related staysyalmthte them (or not) using
a pre defined questionnaire.

10.6.2. Implementation and availability

Expert Explorer is hosted on a web server and @lahe to anyone that knows the
login credentials.

Data is stored using a MySQL database and it usestructure of the PSIP data
model defined during the first phase of the projéd discussed later, an Oracle
database can easily be used instead.

The users that access the application can fit tthifeerent profiles:
- general users, or guests that don’t need a password
- medical experts that should login with a usernantegassword and
- administrators.

10.6.3. First Page

On the first page, the user is presented with acameé message, and the general
menu.

Under the menu, on the top left, there are linkisagin page, and New Account page.
Those pages will be presented later. On the rightisplayed the current data set. The
data set used, determines from which databasedakie will be shown, and on which
database the queries will be applied.
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Figure 61. "Expert Explorer" welcome screen

To change the working data set, the user hasdk ch Data Set from the main menu.
He will be presented with a new window where thailable data sets are listed.

10.6.4. Data sets

Before any activity, the user should choose tha dat that he wants to work on.

On the same page with data set selection, the astnaitors can update the data set,
by uploading to the server the corresponding filespdate the flat table.

The flat table is a special table, used for dataimgi it represents an aggregated
version of the 7 table data set, and doesn’t hafixeed number of columns. That is

the reason why, every time a new file is loaded, tdble is recreated automatically.
So, the flat table structure for different datassetuld be different. Because of this
when defining or loading from files the queries dzhon the flat the table, those
queries will apply only for the current data set.

To change the working data set, simply selecbitnfthe list and click Apply button.
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Figure 62. Data set page

The data set page offers three more options. Teiedine highlighted with a text and a
Click here link, will redirect user to the page wiée can select which columns from
the flat table are displayed in a report in theerdetails page. The option is only
present if for the current data set (the one dygalaunder the menu, in the top right
side) there is a flat table loaded.

The user is presented with a screen with all thecyne variables from the flat table
of the current data set and he has to choose tbe which will be included in the
report. X marks a variable that is not presenhereport.
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Figure 63. Selecting flat table outcomes

The second option allows user to load the flatedbf the data set selected in the list.
Not the current oneThe user clicks on browse, select the desirej &hd then he
must click Apply. If no error occurred, the file lbe loaded and the total number of
records loaded will be displayed.

The third option on the data set page is used datgpthe current data set, or the data
set that is selected from the list. The user néedsad the .txt files containing data.
The files must be using the structure of the 7etalaita set.

10.6.5. Reports

Defining and visualizing reports was the first ftion implemented in Expert

Explorer. This allows the user to apply some prym&atistics on the available data.
Can be a useful option for the medical personndlatee an overview of the medical
unit they control.

The user has to choose the fields which will beldiged on the lines of the report,
and the fields from the columns of the report.
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Figure 64. Defining a report

For each line field the target value has to becsetk This is because the report works
like this: on each line are selected only the stidn fit the selected value. The
columns are used for statistic results. The usendaelect the desired field and how
the data will be displayed. There can always beeddww lines or columns and also
choose the order in which the fields are displapetie report.

A report name can be entered, and then the Gertmutitsn will save the report. After
the report is saved the user can go to Report Beétasee the result.

Or, he can navigate to Saved Reports, from the mainu, and consult a list with all
the reports defined so far. From that list, user &alect any report and then click on
View Report button to see the result of the report.

Figure 65. Saved reports list
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The report is displayed in a table structure, waitiions to sort the table with a click
on the columns names.

Figure 66. Visualizing a report

If, when the report is defined, user checked thgoop“Last column used to list
patients”, then on the last column there will ben& to a page that is listing all the
stays that are identified by report’s criteria.

Figure 67. Stays identified by a report

10.6.6. Rules

This section is used to define queries, one by ontg load queries from files. Those
queries are not properly speaking the data-minihegr It is an additional feature that
can be used by any physician to get some desaigata.
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Figure 68. Defining a query

To define a query, the user has to select thedfidltk operators and the values to
construct an IF - AND - THEN structure which is et ®f conditions leading to a
result, or an outcome.

To define this structure, for each condition therusas to choose the table where the
field is located, the field he targets, the opearatnd enter the value. The step is
repeated for each condition. Values are mandatauya least two conditions have to

be entered. One special operator is REGEXP an@stsimed that the user choosing
it knows how to use it (what value to enter).

There are two types of queries definition: thetftlsfines a query using only the fields
from the PSIP data model. The second one usegettis from the flat table.

Using the “Import rules” option the user can loatkdes from an external file. A
guery is the combination of several conditions. Tipdoaded file should contain 1
line per condition.

- first column contains the identifier of the query

- second column contains the variable

- third column contains the comparison operator

- fourth column contains the value to compare with.
The last condition for each query will always be tutcome, the “THEN” part of the
query.
Example :

rl01-1 lab hypoalbuminemia = 1
rl01-1 drug vitamin_K_antagonist = 1
rl01-1 labto_high INR = 1
rl01-2  drug proton_pump_inhibitor = 1
rl01-2 admin age > 70

rl01-2 lab hyponatremia = 1

Columns are separated with TAB.
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Figure 69. Error handling while importing the queries

If there are two fields in different tables witretkame name, the user will be asked to
choose the correct field. (eg. In Figure 69 thigfiend is present in two tables).

When loading queries that are based on the flatetathe application will
automatically detect the field, for each conditiand will assign the query only to the
current data set.

After the queries are loaded or defined, the useravided with a link for each query
to the page presenting the query details.

But first of all, he can navigate to the saved gggefrom the main menu.

Figure 70. List of existing queries
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On the “saved rules” page is the list of all themgs that were defined or loaded for
the current data set. For each query there is lkatbnQuery Details page. If an
administrator goes to the Saved Queries page, lhéavie two more options for each
query. The administrator can check as query ad waldelete it.

The query details page will display all the stayattare returned by (or satisfy) this
query.

Below the list of the stays returned by the qu&ya report based on the flat table.
The columns used are defined on the Data Set pdgefirst line is an average of all
the values from the flat table, for each columm, $kcond line compute the averages
only for the values associated to the group ofsstaturned by the query.

There is also a button (Download .txt file contagstays). A click on that button will
provide a file in .txt file format, using tab apseator, with all the stays’ ids.

On the Query Details page, the administrator wdbdave an extra option, to assign
for review the stays returned by the query to gllezts, or only to selected expert.

Figure 71. Query detail page

A click on a stay id will bring up the page with tide details for that stay.

10.6.7. Visualization of a stay

A hospital stay can be visualized in several castex
- As a standalone feature, the users are alloweghtew every stays.

- In the Scorecards (the tool is presented in sectibrin page 186), every
implemented rule is associated to a report whispldys links to the stays that
match the rule.

On the stay details page are displayed all thernmétion available for that stay. The
user only has to click on the desired tab. Theofaihg tabs are available:

- The first tab displays a description of the stagnidgraphics, principal
diagnosis, length of stay, etc.)
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- The second tab displays the different steps osthag, each step corresponding
to a medical unit visited during the stay.

- The third tab displays the medical procedures peréd during the step of the
stay. The procedures can be either diagnostices&feutic.

- The fourth tab shows the ICD10 diagnoses.

- Another tab displays the drug administrations datalar form, and another
tab presents that information in a comprehensive lyameans of a specific
chart.

- The laboratory results can be displayed in a tabf@glan or by means of a
specific chart.

- Finally, it is possible to read all the anonymizegorts free text documents
(e.g. discharge letter).

Figure 72. Visualization of the details for a stay

Automated detection of Adverse Drug Events by Dditging of Electronic Health Records
Emmanuel Chazard, PhD Thesis Page 179 of 262



Figure 73. Laboratory charts

Figure 74. Drug charts

In addition to the existing tabs, a button labeltedb & drug display” will open a
new window, using the full size of the screen, &seethe work of the reviewers by
presenting on the same page the drug charts anddbeatory charts. In addition, two
buttons on the left-top of the screen will open ygmp containing essential
administrative information and ICD10 diagnoses.
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Figure 75. "Lab & drugs charts" window

10.6.8. User accounts

The program is structured on three user levelsoéss, depending on the role:

- Users (everybody) — can seel/visualize data withwading the power to
modify them; can design and visualize dashboards

- Experts — can see/visualize and interpret the detag result to this he may
register his advice and validate or invalidatertiles

- Administrator — has total access, the main roladpénat of implementing new
rules and assign them for review; the administratould also be in charge of
updating the database’s content

To register an expert, the user must click on tiea Mccount link, and fill in all the
fields in the form.

Figure 76. Registering a new user account

After the account is created, the expert shouldogbogin page, enter his username
and password.
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A correct login will redirect the user to his homege.

Figure 77. Expert home page

The expert’'s home page contains two tabs: one waerdisted the stays that the
expert need to review, and another with the stagady reviewed.

10.6.9. Experts’ queries validation task

The querying functionality of the Expert Exploreancbe used by the physicians to
test their own ADE detection rules. In that casquastionnaire helps them validating
the queries as useful or not in ADE detection. Etgpwill have access to the report
page. This page will be accessed by a new butiRap6rt”, displayed only for the
experts on the stay details page.
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Figure 78. Stay details page with the "Report" butbn present

The expert can review the details of each particsiay and he can go to the report
page where the pre-defined questionnaire can b@letead, in order to determine if it
was or wasn’t an Adverse Drug Event.

If the stay has a query associated, then two aaditiquestions about the query are
displayed.

If the expert already reviewed that stay, then fuestionnaire is automatically
completed with his previous answers, and he hasytien to modify his answers, or
cancel and go to previous page.

On the questionnaire page, a button in the uppernph open the stay’s details in a
new window, if the expert needs to consult the diatgils while completing the form.
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Figure 79. The questionnaire

Automated detection of Adverse Drug Events by Dditging of Electronic Health Records
Emmanuel Chazard, PhD Thesis Page 184 of 262



10.6.10. Administration

The administrator can review all the expert acceunhe administrator is the one that
assigns rules for review to the experts. This aaddne either by uploading a text file

containing the stay ids or by going through thevjanasly defined rules and assign the
stay that the rules have returned.

Figure 80. The administrator home page

To delete stays, the administrator can simply chteekstays from the list and click
the Remove Stays button.

To add stays, the administrator will need to loddeain the format exported from a
Rule Details page, or a similar one, constructethtaming the structure described.

The administrator can export the questionnairésdfiby the experts.

Figure 81. Export questionnaires

Also, the administrator has some additional fumdiavailable on the pages previous
described.
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11. APPENDIX 3: ODP DESCRIPTION OF THE
SCORECARDS

Authors: Adrian Baceanu & Emmanuel Chazard

11.1. User requirements and enterprise point of vie  w

The results of data mining can be edited in thenfof “Periodic ADE Scorecards”
sent to the hospital partners. The scope of ther&ards” application is to present
the statistical results on the occurrence of ADErigher to support the discussion with
the healthcare professionals.

The application is accessed only by knowing theesponding password, based on
the role of the user for a selected hospital andicaédepartment:

- physician
- head nurse
- nurses
- pharmacist
Once the application is accessed the user can atisbnactivities such as:
- select the analysis period
- consult a summary page for their department
- read individual scorecards
- review the cases.

The fact that the ADE statistics are linked witlalreases has an impact on the
perception of the tool by the practitioners of admal department. It is very
important for them to be able to review the cases| to remember them as “what
happened in my department last month” and not “ws#teoretically known”.

The functional requirements to have access to aifgpescorecard are described
below.

11.1.1. Use case

- Goal: access a generated scorecard for a given outcotheeaiew the cases
identified by the rules

- Actors: medical personnel (physicians, nurses, head npinsemacists,
medical experts)

- Interface: a graphical web interface allows interactions wiité application.
The interface offers support for several langudgesjlish, French, Danish)
and can easily be improved to increase the numitdesupported languages.
The interface doesn't require advanced knowleddeetased and all the
actions are performed using only the mouse

- Preconditions: the tool must be supplied with the latest XML dileontaining
ADE results, formatted based on the commonly agséedture. The user has
to use the access password

Basic course of events:
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1. the user logs in by selecting a hospital, departraed typing a password

2. the user is redirected to the synthesis page, wheselects the period of
analysis, then he selects the desired outcomesniergte the scorecards

3. the user is redirected to a page where he choosgsciic scorecard from
the ones generated

4. after choosing a scorecard, the scorecard pagempsaged with all the
implemented details when the application was design

5. user can review the rules leading to the outcorhayacteristics of the
stays, the descriptions of each rule and the stetsmatch the conditions
and the outcome of a specific set of rules

6. the user can go to Expert Explorer to review actetestay, by using the
list of stays from a small pop-up window next tcleaule.

- Alternative paths:

2a. the user can select one or more outcomes amglvréhe chart with the
evolution of the number of stays with adverse evgpér month.

6a. the user can access a “case review” page, vhergtays that present the
outcome are displayed, along with the rules whighditions are met by each
stay

6b. the user can go to Expert Explorer to revieselacted stay from this page
6¢. a medical expert can access the review fomaview the medical records.

- Post conditions:the log of actions is stored for later analydis.case of
review form access, the results are also stored).

11.2. Information view point

O R
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e
Process 2

Log user action

—

1 — Request for synthes
|-
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5 — Synthesis page
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Figure 82. Data flow diagram
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11.3. Computational viewpoint

The functional decomposition of the Scorecardshisws in the simplified UML
diagram depicted in Figure 83. The XML extractiobjest is instantiated by
supplying reference to the file path of the soungdes. The XML extraction class
provides methods for retrieval of rules resultsnfrML files. This class creates
additional class based on requirements: User Logagts methods for logging users’
actions, XML lexicon with methods for retrievingsibeiption in natural language for
elements like effect code and XML description witlethods for extraction of rule
descriptions, also in natural language. The Usassclcan create the Review form
class, with methods for review generation, valoatnd save for later analysis.

User
name, role: string
id: int
Review form XML extraction
# rule id: string + path: string
+user id: int + period: string
# response: string

vy

Log XML XML
action lexicon description
- action: - code: - rule: string

string string

Figure 83. Simplified class diagram

11.4. Engineering viewpoint

The figure shows an overview on the distributedfpten and infrastructure. The
XML files containing data mining results are readthe tool. Then the results are
processed and the data is transformed into an &klen HyperText Markup
Language XHTML file — viewable in a Web browser.

- XMLresponse
I):<.I|V|L Scorecards Response Scorecard \
es XMLrequest tool —P page \\
\\ Viewable in
\{ WEB
browser

Figure 84. System context diagram showing the engiaring overview
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11.5. Technology viewpoint

The tool is developed using free Open Source enmemnts like PHP and MySQL.
This tool is dependent on a web server like Apattheould be implemented in either
intranet or internet networks, with restricted ascbased on passwords.

The data sources are the XML files containing thtaanining results.

11.6. Detailed description of the interface and use flow

11.6.1. Introduction

The Scorecards tool has been elaborated to preékenstatistical results on the
occurrence of ADE in order to support the discusswith the healthcare
professionals. The Scorecards are part of the P®Wowledge Management
Platform”.

Periodic ADE reports or “ADE scorecards” are autboadly edited and transmitted

to the hospitals’ departments. This step takesepkdter the rules are applied on
monthly exports from medical databases of parttoigahospitals. This screening of
medical records allows to retrospectively identifyspital stays susceptible to hold an
adverse drug event (ADE).

The ADE scorecards are automatically generatedcttirdrom the XML files
containing ADE rules. The extraction of the datagstcumulative, meaning that a
report generated for a certain month is the resuthe scan of all the stays of the
previous months, starting with January, same year.

The Scorecards indicate for each type of identifidderse drug event its prevalence
in the relevant department and the mean delay péajance of the outcome after
drug administration. The ADE scorecard providesitamtthl information on the
hospitalizations at risk of ADEs including the fmMling: number of cases, patients’
characteristics (gender, age etc.), clinical castexd categories of diseases. These
reports are intended to support quality policy amahagement (through systematic
discussions with healthcare professionals) reldtedanedications in each medical
department.

This section illustrates the design of the ADE-®8cards displays for both the
summarized data and detailed statistics and howotiles supposed to be used.

11.6.2. Interface design and development

The website for displaying scorecards was designgidg user-centered design
principles [ISO 2009]. From the beginning of thisrk, an ergonomist was integrated
in the designers-developers team to support cotperdesign. Moreover, a sample
of final users (4 physicians, 2 pharmacists, 3 heaes, 6 nurses, 1 health care
quality manager), participated in the design by e@nting on the first mock-ups and
the first version of the prototype, choosing feasuamong parallel versions, and
proposing new features and/or facilities. Resulsmf the participatory design

supported the recommendations used by the devslopercontinuous evaluation

procedure ensures that recommendations are tat@adoount [Marcilly 2010].

The tool is available using a web server. It canabeessed only by the person
knowing the login credentials. It is developed asHiIrML interface, using PHP as
the programming language, XML files and MySQL datsfor storage.
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11.6.3. First page of the Scorecards

The ADE-Scorecards aim to being used by differet¢gories of professionals (e.qg.
physicians, head nurses, nurses, pharmacists agbenguality management). By

logging in, users are identified (thus, the inteefa language is automatically adapted
and only the user’s department data are displgyéalcilly 2010].

The first page of the interface is the login paglgere user selects the hospital he
wants to study (Figure 85). Depending on the hakgihosen, the user is provided
with the departments of that hospital for which adaxists. Once selected the
department and the hospital, the user has to typasaword specific both to the
selected department of the hospital chosen andaiegjory of users he is part of.

Figure 85. Access page for the Scorecards

11.6.4. “Synthesis and Edition of detailed statisti  cs” Page

After login, the user is redirected to the syntbgmige. The header of each page of the
Scorecards will contain information like the cutr@ospital and department, analysis
period, the user using the application, and linksdufor changing the language, print
the page or contact the person responsible witlldlee

The Scorecards are designed in such way that thelg @lso be used in a physical
environment, printed on paper. Also, the interfand data displayed are available in
different languages.
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Figure 86. Synthesis page

In the upper part of the synthesis page theretabla containing all ADEs and all the
identified cases, classified by month (Figure 8&)e user can select certain outcomes
to analyze, using the checkboxes next to each md@mname. Under the table
containing the ADEs there is a graph with the etrofuof the number of cases where
the selected outcomes where found (Figure 87).cCha&t is automatically recreated
when user selects different ADE outcomes in théetab

Figure 87. Number of detected cases by outcome ahg month

In the lower part of the synthesis page there dsagp down menu allowing users to
choose the period for which they want to get AD&istics. A choice in this menu
immediately changes the data displayed in the pusvtable/graph. Under the select
box of the periods, there is a list with the ADEammes and the number of stays that
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present the outcome (Figure 88). The user hasl¢otsthe desired outcomes (or all
outcomes) for which the scorecards will be gendrate

Figure 88. Edition of detailed statistics

11.6.5. “Detailed statistics” Page

Once the desired outcomes are selected, and theef@e Scorecards” button is
pressed, user is redirected to the “Scorecard ggaempage” (Figure 89). In this page
user can select an ADE result and view its genératerecard or detailed statistics
page.

Figure 89. Generated scorecards

For each selected adverse effect a page is gedavateh presents (Figure 90):

- The characteristics of identified stays, all rulegether, that describe the
sample of stays presenting the adverse effectjdivad): number of patients
concerned, average age, gender proportions, propsif diseases that might
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have impact on ADEs (e.g. alcoholism, cancers,liesafficiency) and the
death rate (these deaths are not necessarily dhe taverse effect).

- Two charts: a bar plot chart representing the iistion of the number of
outcomes per month during the current year andtadrnam that describes the
delay between the outcome and the prescriptioheotlitug in days. The
histogram uses the Struges algorithm to defingithe classes on the X-axis.

Figure 90. First part of the details page

Next, the page is completed with (Figure 91):

The conditions (rules’ premises: patients’ condisip administered drugs)
potentially leading to an adverse effect with th@nfidence (percentage of
stays for which the event occurs among the staygingethe conditions), their
median delay (from the moment when all conditiohshe rule are met, the
period from which over 50% of events appeared)tarchumber of stays they
target.

By clicking on the number of cases, a popup windéwgure 92) with the
cases that match the conditions and the outcontkeofules opens, grouped
by month. Further more, the details of every stay be seen by clicking on
the “View stay details”, action that will give a@seto a synthetic view of the
patients’ record using an EHR visualization toohea “Expert Explorer”
[B ceanu 2009].
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Figure 91. Middle part of the details page

Figure 92. Pop-up window showing the cases

In the lower part of the page there are footnotesefich rule (Figure 93). They are
composed of the textual representation of the rak,a set of conditions and
description of the conditions, which may contaitoager description of the rules,
scientific explanations and references, and advceicon with an arrow pointing to
the upper part of the document will move the fomuthe start of the page if the users

click on it.

Figure 93. Details of rules in the bottom of the pge
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11.6.6. “Review cases” Page

In the header of a Scorecard page, a link callezli®v Cases” will redirect the user
to another page. While the scorecards help getling-related knowledge, this page
would be used to list the cases to review, forvamgioutcome. The interest is that on a
scorecard, for each rule we can get all the relatags, but the same stay can match
several rules and then appear several times. Thesdnere to present each stay only
once, and to show for a given stay all the rules fined.

The “stay-wise” approach can be justified as fokowhe Knowledge Elicitation task
of the PSIP Project has two objectives: to provia®rmation on ADEs and to
provide ADE prevention methods. The Scorecards antive first objective: they aim
of bringing new comprehensive knowledge to the mgss. But the same rules must
be validated with respect to the second objecfwmea CDSS use. In a CDSS, alerts
will be displayed for a unique stay. Several rutas fire at the same time. This
corresponds to a “stay-wise” approach to the ruldsat is the reason why the
validation of the rules is performed “stay-wise’damot “rule-wise”. In addition, for
concrete cases, the rules might combine together.

On this page all the stays that are selected sit teece in the scorecard for the current
outcome are displayed (Figure 94). Below each dtay,rules where the stay was
detected are displayed (as set of conditions) laaddnfidence of the rule follows.

If the user using the tool has certain access gidite the medical experts), then a
specific button is added beside each stay. Thi®mbwllows for reviewing the stay by
means of a specific questionnaire explained in segtion.

Figure 94. Review cases page
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On the bottom of the page (Figure 95), the rulgdamations are displayed, similar to
the bottom of the scorecard page.

Figure 95. Bottom of the "Review cases" page

11.6.7. “Review cases” questionnaire

For each outcome, and for each stay where at @astrule led to the specified
outcome, the user has the possibility to review stey. A small picture on the

“review cases” page indicates the user if the e undone, in progress or done.
Each form has the same structure: an introductiwrewith useful information, a link

to visualize the manual of the form, and the fotself.

The first form (Figure 96) is an introductive forabout the specified outcome. It
consists of one unique question: is the outcomdlyrearesent, missing or
characterized by an aberrant value?

Automated detection of Adverse Drug Events by Dditging of Electronic Health Records
Emmanuel Chazard, PhD Thesis Page 196 of 262



Figure 96. First form of the questionnaire: existene of the outcome

The second form (Figure 97) is specific to eaclk tehding to the specified outcome
with the current stay. If there are three rulesliieg to the outcome, the form will be
displayed three times, once for each rule. It gia%f three questions:

What are the motives for the non applicability lué tule for the stay?

According to the user, how important is the contiidn of the cause(s) of the
rule to the outcome?

How important is the certainty of the user’'s anwer
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Figure 97. Second form of the questionnaire: one fom per rule

The third form (Figure 98) is a conclusion abow Adverse Drug Event, defined as a
set of causes and an outcome. It aims at evaluafiobow much such alerts could be
useful in a CPOE context. It consists of two quesi

For all rules giving rise to this outcome during #tay, does the user think
that at least one of the causes contained in ths has led/participated in the
outcome?

For all rules giving rise to this outcome during stay, does the user think
that the information contained in the set of rndes relevant for understanding
the outcome?

For both questions, the user is asked about higingr of his responses.
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Figure 98. Third form of the questionnaire: cause-o-effect relationship
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12. APPENDIX 4: DESCRIPTION OF THE OUTPUT OF
THIS WORK (USE OF THE XML FILES)

This appendix describes the main output of thegmiework. This output is a set of
XML files that are regularly updated and automdiycdbaded by our partners for
several purposes:

- automatic loading into the Scorecards and the Expgslorer

- automatic loading into a CDSS, so that the sanesrohn be used by several
software programs through a Connectivity Platform.

12.1. Mapping XML files

12.1.1. Overview

Those files allow linking binary variables used fates execution to native fields of
the data modek.g.“too high INR” means “the value of INR is greatban 5”.

There is no difference between the documentatioraofdition variables and the
outcome variables for the mapping step. The usécasdition” or “outcome” is
embedded in the rules.

In June 2010 the mapping policies allow to genebs@@ binary variables suitable as
“condition variables” (48 from diagnoses, 500 frdnugs, 36 from laboratory results,
5 from administrative information) and among themadlow to generate “outcome
variables”.

12.1.2. Diagnosis mapping: mapping_diag.xml

12.1.2.1. Preview

EF &G"#'G &GH2I71GFJ
E J
E &G "# GJ
E &G "™GJEKL 2L ?MMJES J
E &G ""GJEKL 2L ?MMJE9
?
E9 J
E &G "#% N% GJ
E &G /(GJEKL 2L MMJES9 J
E &G /IGJEKL 2L ; MMJE9 J
?
E9 J
?
E9 J

12.1.2.2. Example
Merge together all the ICD10 diagnoses availabigtfe current stay:
diagnoses of the “diag_step_stay” table
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principal diagnoses of the “step_stay” table
principal diagnoses of the “stay” table

Please notice that ICD10 codes are used without'dptif there is at least one of the
codes in the list then the binary variable “dil.tufns set to 1 for any length of stay.
If no code is found, the variable “dil.tumor” iq $& O for any length of stay.

12.1.2.3. Notes

Also refer to the corresponding section accordinthée use you intend to have:

12.3 - How to implement the rules for a prospectise (transactional use of
the CDSS)®n page 212

12.4 How to implement the rules for a retrospectige (retrospective use of
the CDSS, dashboards, confidence computation)Page 214

For acute diseases (like Zkxx”) use the diagnoses of the current stay. In a
prospective use, if available, use the admissionmp.
For chronic diseases (like “Okxx”) use all the previously available diagnoséshe
current_patientAn arbitrary temporal limit can be fixed: onlyetiprevious stays that
are less than 2 years old can be used.
Many countries use customized versions of ICD10nesa@odes are forbidden and
replaced with more precise codes. Here is howaogad:
The visible extensions must not be exported:
o in Denmark supplementary letters might exist (A@O0A) then drop
them (e.g. AO0O)

o in France supplementary digits following a “+” cheter might exist
(e.g. AO00+00) then drop them (e.g. AO0O)

However some codes might remain as customized cdidascode does not
match any category, then try to shorten it digit ggit and see if any father
code could match a category.

Most of the codes do not match any category.

Nota beneAs diagnosis codes are not stamped with any ddten an acute disease
is described using an ICD10 code it is not possibl&now if it is the admission
ground or if it happened during the stay. Thisidiffty has been taken into account
while designing the mapping policies. The impleraioh must remain basic.

12.1.3. Drugs mapping: mapping_drug.xml

12.1.3.1. Preview

EF &G"#'G &GH2I71GFJ

E &G "# GJ

&G*00 "GJEKL 2L* MMJIE9 J
&G*00 )GJEKL 2LO MMJES J
&G*000"GJEKL 2L MMJES J
&G*000',GJEKL 2L MMJES J
&G*000'-GJEKL 2 L* MMJES J
&G;', O"/GJEKL 2L % MMJE9 J

mmmim mm
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E9 J
E &G "# N GJ
E &G ") O.GJEKL 2L MMJE 9 J
E9 J
?
E9 J

12.1.3.2. Example — drl.* or dr2.*

For a given stay, use the ATC codes of the “dradpld. If there is at least one of the
codes in the list then the binary variable is get,telse 0.

Example with thedrl.addictiveDisorderDrugbinary variable: this variable refers to
the ATC codes NO7BAO1, NO7BA02, NO7BB01, NO7BB03,078B04 and

VO3AB16.

If the current stay contains at least one of thomskes,
then “drl.addictiveDisorderDrug™=1,
else “drl.addictiveDisorderDrug’=0.

12.1.3.3. Example — drl.suppr.* or dr2.suppr.*

The drug mapping policy also allows building ttheig discontinuation variables.
The name of the variable is constructed by reptathe first dot »” by the “.suppr.”
string. For instance, the “dsuppr.addictiveDisorderDrug” variable is always built:

if drl.addictiveDisorderDrug==0 then dsuppr.addictiveDisorderDrug=0
(no drug => no discontinuation of the drug)
if drl.addictiveDisorderDrug==1 then

o if the drug is still administered during the lastagable day, then
drl.suppr.addictiveDisorderDrug=0

o if the drug has been discontinued (delay>1day) then
drl.suppr.addictiveDisorderDrug=1

12.1.3.4. Notes

Also refer to the corresponding section accordinthé use you intend to have:
12.3 How to implement the rules for a prospectige (transactional use of
the CDSS)®n page 212

12.4 How to implement the rules for a retrospectige (retrospective use of
the CDSS, dashboards, confidence computation)Page 214

12.1.4. Lab results mapping: mapping_lab.xml

12.1.4.1. Important notes

Please notice that:
If the hospital is able to provide IUPAC codes rhuse “ALL” as the hospital
name, in order to use the generic mapping mecharifstine hospital is not
able to provide IUPAC codes, a customized mappasgth be designed by the
data mining team. In that case, look for the narhéhe hospital in the
mapping file.

Automated detection of Adverse Drug Events by Dditging of Electronic Health Records
Emmanuel Chazard, PhD Thesis Page 203 of 262



Several different laboratory results anomalies @¢dehd to value 1 of a given
binary variable. The results for each binary vddashould be given by an
“OR” operator or a “MAX” function: variable equalsif at leasione abnormal
value is observed.

When temporal considerations are required, applg thOCF (Last
Observation Carried Forward) interpolation, i.e.da@jiven day, in the absence
of any new measurement of a laboratory paramessr,tie latest available
measurement from the previous ones.

The normality bounds are defined with absoluterszfees.
Also refer to the corresponding section accordinthé use you intend to have:

12.3 How to implement the rules for a prospectige (transactional use of
the CDSS)®n page 212

12.4 How to implement the rules for a retrospectige (retrospective use of
the CDSS, dashboards, confidence computation)Page 214

12.1.4.2. Preview

EF &G"#'G &GH2I71GFJ
E J
E% &G IIGJ
E &G #% N G &G* H"./( "G & G N &GO0'G9J
E &G #% N G &G* H"./( -G & G N &GO0'G9J
?
E9% J
E% &G GJ
E &G #% N G &G 12 B2>CG &G G N &GO0'G9J
E &G #% N G &G 2B 2>+CG & G N &GO0'G9J
?
E9% J
?
E9 J

12.1.4.3. Example

Let's take the example of an hospital that produt#3AC codes. The section of
interest is hospitall[@name=="ALL"], and we’ll uske “IUPAC” and “value” fields
of the data model in the “bio” table.

If you find one measure of NPU019651 where “valuXprovided by the condition
as the “absolute reference” XML property @abs_tieén “bi.hep_cytolyse” is set to
1 as long as there is no re-testing or as longhatis still an abnormal laboratory
result. The binary variable “bi.hep_cytolyse” i$ 820 elsewhere.

Since the bounds are absolute references, recdrtif? 0019651 with or without
upper bounds embedded in the “bio” table can bd.use

12.1.4.4. General principles

Operator and reference value:

if @operator="inf" then use the “<” comparison og&r and use the provided
absolute reference @abs_ref.
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if @operator="sup” then use the “>” comparison @per and use the
provided absolute reference @abs_ref.

12.1.4.5. Additional laboratory mapping computation S

The following computation has to be performed idiadn:

IF bi.thrombopenia==1 & bi.leukopenia==1 &bi.anemia==1
THEN bi.pancytopenia=1 ELSE bi.pancytopenia=0
Use the maximum of the start dates as the stagt dat

Use the maximum of the stop dates as the stop(ds&where it could lead to wrong
associations).

12.2. Rules XML files

12.2.1. Lexicon: lexique.xml

12.2.1.1. Principle

Variables can be replaced with more user-friendlgnes. The name to use depends
on the position of the variable in the rule: coiwit(use “condition” marquees) or
outcome (use “effect” marquees). English, FrenahRanish labels are provided.

12.2.1.2. Preview

EF &G"#'G &GH2I171GFJ
E PJ
E &G #% N GJ
E &G GJEKL 2L 6 % Q B*8E"'CMMJE9 J
E &G GJEKL 2L % B*8E",'C MMJE9 J
E &G 4GJEKL 2L #% N MMJE9 J
E9 J
E &G #% GJ
E &G GJEKL 2L 6 % B EO("CMMJE9 J
E &G GJEKL 2L % B EO(="CMMJE9 J
E &G A4GJEKL 2L #% MMJES9 J
EQ J
?
E &G #% N GJ
E &G GJEKL 21L% Q MMJE9 J
E &G GJEKL 2L1% MMJES J
E &G 4GJEKL 2L #% N MMJE9 J
E9 J
E &G #% GJ
E &G GJEKL 2L% Q MMJES9 J
E &G GJEKL 2L % MMJES J
E &G 4GJEKL 2L #% MMJES9 J
E9 J
?
E9 PJ
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12.2.1.3. Example

The fictive rule:
bi.hypo_na => bi.thrombopenia
Can be written in English as:
hyponatremia => appearance of thrombopenia (cewist000)
The fictive rule:
bi.thrombopenia => bi.hypo_na
Can be written in English as:
thrombopenia => appearance of hyponatremia (Na88]1

12.2.1.4. Details

Variable initial names follow a defined convention:

Kind of variable Initial name
Diagnosis: acute disease diag2.xxx
Diagnosis: chronic disease diagl.xxx
Drug drl.xxx or dr2.xxx
Drug discontinuation drl.suppr.xxx or dr2. Suppx.xx
Lab result bi.xxx
Medical information MiL.XXX Or Mi2.XXX

The strings are included in CDATA containers andogled in UTF-8. There is no
HTML code, so that the string can be used eithedTML pages or graphic user
interfaces of software.

12.2.2. Rules repository: rules_yyyy-mm-dd.xml

12.2.2.1. Important notes

The rules are using one to several conditionsaratinked together with the “AND”
operator. The conditions use several binary vagmblhe construction of those binary
variables is documented in the sectiéhl (Mapping XML file¥ above.

12.2.2.2. Preview [XML structure modified]

In September 2010, the repository contains 23@latdd rules. Only the rules where
@validated=1 must be used.

EF &G"#'G &GH2I171GFJ
E J
E &G"G &G #% %N G &G &G, 7'GJ
E 4 &G GJ
E J"% % N R E9 J
E JEKL 2 L&MMJE9 J
E JE9 J
E9 J
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E 4 &G GJ
E J"%% N E9 J
E  JEKL 2L&MMJIE9  J
E J'E9 J
E9 J
E 4 &G GJ
E J"% N E9 J
E J#E9 J
E  JEKL 2LEMMJE9 J
E9  J
E9 J
?
E9 J

12.2.2.3. Example
The preview section above shows a rule. A rule gdvaontains the following
attributes:
@validated: only use rules with the “1” value.
@number: a unique numeric identifier. This unique identifie a string.

@root: the first part of the @number attribute. The free-comments can be
found by means of that attribute.

@effect: the outcome of the rule

Then the rule is a various number of conditionkduh together with the AND
operator.

Each condition has a unique attribute:

@kind: a string like “subgroup” or “cause” or “segmentati. Those kinds
have no consequence about the implementation afites. Briefly speaking:

0 Subgroup conditions help defining a subgroup frorhiclv some
statistics are computed, such as the relative risk.

o Cause conditions are the ones that are explainddeicomments of
the rule

0 Segmentation conditions do not explain why an augmccurs, but
have an impact on the statistics that are computed.

Each condition is composed by 3 elements:
field: the variable name

operator: an operator (<, >, <=, >=, =) contained in a CDAGT@&ntainer. It
might have sometimes to be trimmed

ref: a reference value

12.2.3. Pre-rules repository: rules_root_yyyy-mm-dd xml

This file is not to be used for rule implementation This file is generated, and then
it is automatically transformed into the rules_yyyyn-dd.xml file. This file does not
contain one record per rules, but one record par gbrules. Then the roots of rules
are automatically split into one or several rules.
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There are only a few differences with the the rggy-mm-dd.xmil file:
the @number attribute does not exist, as the @thwbute is a primary key

for conditions where @kind=segmentation, the @dperattribute is not
defined.

A transformation tool is used and automaticallyates all the combinations of
segmentation conditions, using alternatively “<” darf " operators. As a
consequence, a root-rule containing k segmentationditions (k0, generally
kI {0,1,2,3}) will automatically be split into*2rules.

12.2.4. Rules contextualization: rules_result_yyyy-  mm-dd.xml

12.2.4.1. Important notes

Rules execution is enforced in all the availablaited departments. The support and
the confidence of each rule are provided for eagpadment and are not applicable
somewhere else. That is contextualization. The roenaes of a given rule can be
found usingest_rule@numberas unique identifier.

A different file is computed for each hospital *aye e.g. Denain_2007M12 for the
complete year 2007, Denain_2009M11 from Januar® 200November 2009, etc.

Confidence = probability of having the outcome kimoythat the conditions are met
Support = probability of having the outcome andcahetg the conditions at the same
time

Confidence = P(outcome | conditid® ... C conditiork) = numerator / denominator

Support = P(outcom€ condition C ... C conditiork) = numerator / total number of
cases

12.2.4.2. Status of a rule in a specific place

While enforcing each rule to run in a medical dépant, several cases could occur.
The status of the rule is summed up using 0,148 o

is the outcome variable available?

-NO => 0
- YES => are the cause variables available?
-NO => 1
- YES => do some stays match the causes (dentormg?

-NO => 2

- YES => do some stays match the causes
and have the outcome (numerator>0)?
-NO => 3
-YES=> 4

12.2.4.3. Preview

EF &G"#'G &GH2I171GFJ

E N & N% G &S()'SJ
E N &G # NGJ
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E JE9 J
E JE9 J
E JIE9 J
E JOE9 J
E J#HE9 J
EN % J#"((-.-"/(E9N % J
E J,)#)10(E9 J
EN N N% &G-GJ"((-11,T/"/,0)E9 N N J
EN N% &G-GJ/"((-11,T/"/,0)E9 N J
E JE JE9 JE J)E9 JEPIEOPJIEP"J'EOP" JEP)J,E9P)J
EP,J-E9P JEP-J/E9P-JEP(J"E9PJE J'T'T)TJTTFIITIT)E9 JE9 J
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E &G # # G &G'G &G'G 9J
E &G "# # G &G'G &G' G 9J
E &G % %N # G &G G &G'G 9J
E &G "# G &G%#,,G &G '#(00-G 9J
E &G "# N G &G#/II0G &G'#(001G
9J
E &G "# N G &G#,,G &G#00-G 9J
E & "# N G &GG &G' G 9J
E &G "#% N G &G'%#,, ,G &G#(00-G 9J
E &G "# G &G%#,,G &G '#(00-G 9J
E &G)'.G  %&G"GJ
EN N% &G'GJE9 N J
E JE9 J
E9 J
E &G)'.G  %&G)GJ
EN N% &G"GJ/)."1(00T/).-)(0"E9 N J
E JE9 J
E9 J
E9 N J
E>I+0 1]
E JI(E9 J
E JE JE9 JE J)E9 JEPJEOPIEP"J'EOP" JEP)J,E9P)J
EP,J-E9P,JEP-J/E9P-JEP(J")E9P(JE9 J
E &G "# #P G &G/O#)G  &G"0#0G 9J
E &G ¥ %# G &G'G &G'G 9J
E &G # # G &G'G &G'G 9J
E &G "# # G &GH#G & G#())G 9J
E &G % %N # G &G G &G'G 9J
E &G "# G &GH)(G &G%# -(),G 9J
E &G "# N G &GHII0G &G'#-)-G
9J
E &G "# N G &G#1, G &G'#)110G 9J
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E9 J

E &G "# N G &G%#,,,G &G'#-.)-G 9J

E &G "#% N G &G#)(G &G#(),G 9J
E &G "# G &G#'I0G &G '#1)G 9J
E9>1+0 1J

12.2.4.4. Example

The fictive rule above can be linked to the [Rulggository: rules_yyyy-mm-dd.xml]
file using its @umberattribute. The values displayed above are valuablg in the
“denain_chir” medical department.

status=4means that all the variables were available, sstags matched the
conditions and some of them had the outcome (sglamations above).

denom=8, num=2, ratio=0.25nean that 8 stays matched the conditions and 2

of them had the outcome (25 %)

total=5420 means that a total of 5420 stays were scanned.ififurmation is
available as a marquee nested in the test_ruleusargut also as an attribute
in the test_partner marquee. For historical reggbissredundant.

rr=32, p_fisher=0.0016mean that the risk was increased by 32 and a fFishe

test returned a 0.16 % p value.

id_stay negprovides the stays that met the conditions atstree time but
not the outcome

id_stay provides the stays that met the conditions andotiteomes at the
same time (stays for review)

delay provides more information about the delay betweBntlie first day
where all the causes are present at the same &néhé day where the
outcome finally occurs. The median (refer to g&attribute) of this delay
could be useful to predict when the outcome coulcun The information is
detailed as follows:

o

O O O O

o

mean mean
sd standard deviation

g0 minimum

q1 first quartile (28' percentile)

2 second quartile (3bpercentile, median)

g3 third quartile (78 percentile)

g4 maximum

data all the delays, sorted and coma-separated (uefblstograms)

trace elements allow to have the average and the starttaniation of some
interesting variables

- period provides for a specified combination of the ye@ygarattribute, e.g.

2009) and month@monthattribute, e.g. 01, 02...12) the stays that met the

conditions and the outcomes at the same time. ffoemation is detailed as
follows:

o
o

id_stay the stays, separated by a semi-colon
num the frequency of the matching stays
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Those information are not complete when the stati®ver than 4.

Once per outcome, a marquee named GLOBAL is adffedthe rules. Its structure
is similar to the structure of the test_rule mamgueallows for describing some basic
statistics related to an outcome. It describeb@atsame time all the uniqstays that
have fired at least one validated rule that wag ablpredict the current outcome.
There is no doubloon. The available marquees are:

num number of stays that match at least one of thesrtiiat can lead to the
current outcome

delay provides more information about the delay betweBntlie first day
where all the causes are present at the same &néhé day where the
outcome finally occurs. When a stay fires differaules, the causes might be
matched at different times. Only the maximal deslgept. The information is
detailed as follows:

0 meanmean
sd standard deviation

g0 minimum

q1 first quartile (28' percentile)

2 second quartile (3bpercentile, median)

g3 third quartile (78 percentile)

g4 maximum

o dataall the delays, sorted and coma-separated (uefblstograms)

trace elements allow to have the average and the stadrttaniation of some
interesting variables

Note that the computation of the Relative Risk #r@ P Value of the Fisher's Exact
Test has changed. When a rule includes some consliwvith @kind=subgroup, those
conditions are first applied in order to determthe “basal” population. The other
stays are dropped. Then, the other conditions@keal and tested.

Example: VKA & PPI1 => INR>5
Where VKA is a @kind=subgroup condition and PR @kind=cause condition.
First apply the subgroup condition: Basal poputatddKA=1
Then apply the other conditions.
Cases: VKA=1C PPI=1
Cases with outcome: INRXS VKA=1 C PPI=1
Controls: VKA=1C PPI=0 ...and not VKA=E& PPI=0)
Controls with outcome: INR>§ VKA=1 C PPI=0
Relative risk: P(INR>5 | VKA=L PPI=1) / P(INR>5 | VKA=XC PPI=0)
and not P(INR>5 | VKA=T PPI=1) / P(INR>5 | VKA=(E PPI=0)

The Fisher’s exact test evaluates the independbattyeen PPI=1 and INR>5 only
inside the subgroup VKA=1l. The test does not evaluadependency between
(VKA=1 ¢ PPI=1) and INR>5.

O O O O O ©O
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12.2.5. Rules explanations: rules_explanations_yyyy  -mm-dd.xml

The use of this file is not mandatory. It has beemceived to add some clear
explanations to the rules. It meets 3 differentdsee

1- to help dashboards generation

2- to generate some clear documents for pharmacadogist more generally
speaking, for rules sharing.

3- to prepare user-friendly outputs for patients inMYP

For that purpose, the document presents a set MLH®&bels for the rules. Those
labels will be available in different languages, (En, Dk) and for different users
(physicians, patients, nurse). The labels are:

1- a short label
2- along explanation
3- a set of recommendations

The labels are not linked with the rules but whRit roots. As a consequence, some
rules that share the same root identifier alsoeslthe same explanations, as the
segmentation conditions, which are the only diffiees between them, do not add any
sense but only add precision to the confidence coatipn. In the rule XML file, use
the rule@root and not the rule@number attribute: it will matchule@id marquee

of the explanation file.

12.3. How to implement the rules for a prospective use
(transactional use of the CDSS)?

12.3.1. General considerations

This “how to” section describes how to use the datd the mapping definitions to
execute the rules in a prospective way, i.e. ieah clinical situation when a physician
enters a drug prescription and is able to recdemsaor messages. This section allows
defining if the rule fires (yes/no). But a concr@tglementation of the rules should
use the meta-rules as defined in secidh2(Meta-rules for the implementation into
a CDSSpn page 142

12.3.2. “Cause” conditions of the rule

12.3.2.1. Definition of the administrative--related conditions
(mil.*)

No specific remark.

12.3.2.2. Definition of the drug-related conditions (dr1.%)

Use the list of the different drugs that are:
administered not more than 5 days earlier (i.enfday-5 to day+0)
or proposed as a new prescription during day+0
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12.3.2.3. Definition  of the  drug-discontinuation-re  lated
conditions (drl.suppr¥)

Use the list of the different drugs that are distcared not more than 5 days earlier,
which means prescribed from day-6 to day-1 and prescribed anymore or not
planned to be prescribed in day+0.

12.3.2.4. Definition of the diagnoses-related condi  tions (dil.*
and di2.*)

Proceed as follows:

for the diagl.* causes, use all the available diage for the current patient
including the past 2 years (the mapping will ongef the chronic diseases,
don’t care about the acute/chronic distinction)

for the diag2.* causes, if available, use the adimsmotive

12.3.2.5. Definition of the lab-result-related caus es (bi.*)

Use thelatest available measurdor each parameter, whatever the date. This comes
down to perform a last observation carried forw@@CF) interpolation.

12.3.3. Outcome of the rule

If the rules were applied as is, it wouldn’'t be essary to trace the outcome, as we
hope it hasn't yet occurred. But several meta-rakeproposed in secti@n3.2(Meta-
rules for the implementation into a CDS&) page 142 could bring interesting
information and require the outcome to be tracelde Tapping of the outcome
variables follows the same process as the mappitigea@ondition variables.

12.3.4. How to manage several rules that predict th e same
outcome?

The rules provided by data mining may be redundantseveral rules that predict the
same outcome could fire at the same time for differeasons. The redundancy has
been reduced by means of automatic split of thésriodo rules but still remains. We
propose a very simple way to manage that:

group all the rules by identical outcome

for a given outcome, execute all the related rutesmorize the output but do
not point it out.

if several rules from the same group have firecgpkenly the rule that
provides the highest confidence for the currentqla

For the confidence calculation, the stays areiotstr as follows:

stays shorter than 2 days are dropped (length af=discharge date —
admission data; equals zero when the patient istedimand discharged the
same day)

stays without any drug prescription are dropped ¢bnfidence is not changed
as all the rules involve at least one drug)
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12.4. How to implement the rules for a retrospectiv e use
(retrospective use of the CDSS, dashboards, confide  nce
computation)?

12.4.1. General considerations

[\ Warning: This section, unlike the prospective part desdiladove, is not
involved in triggering alerts. We explain here teehniques that are used by the data
mining team to compute the confidences of the ruléss is complex, but has been
thought so that the prospective implementatiomgpke and reliable.

This computing might have two other utilities:
to recalculate the confidences of the rules with@DSS
to generate retrospective dashboards in the Eigx@tbrer

12.4.2. The “event” concept

The data-mining step and the rules-confidence coatipn use the “event” concept.
All the data are aggregated in order to get evémievent is a triplet of 3 values:

the status of the event (0/ 1)
the start date of the event (integer / NA)
the stop date of the event (integer / NA)

This triplet allows describing 5 different shapewitli additional temporal
information, day O standing for the admission date)

Case Status Start Stop
A 0 - -
B 1 -inf +inf
C 1 2 6
D 1 2 +inf
E 1 -inf 6
(A)“ (B)A
- 1 p—
0 I O --------------- .
. » time
L ,time L stime 2 6
(D), (E),
I 1 | ffffffffffffff
O |J --------------------- O ------------------
» time » time
2 6
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For the implementation, depending on the langubgeis used, the [-inf] value can
be replaced by a [-1] numeric value, and the [+uaflue can be replaced by a [999]
numeric value. The date comparisons will remaimdval

12.4.3. From data to events

12.4.3.1. Variables like mil.* (administrative info rmation,
conditions)

Unlike the other kinds of variables, the statuartsand stop dates are defined in the
code. Those variables are very special and theyeri@ced as events in order to
guarantee the abstraction of the process althobghcbncept of event is not

appropriate.

Variable Status Start date Stop date
Mil.age.quanti | Stay.age -inf +inf

(nb: not binary but float
Mil.geo_dpt.bin Stay.geo_dpt 01 -inf +inf
Mil.geo_reg.bin Stay.geo reg 01 -inf +inf
Mil.icu.bin Stay.through_icu_01 Stay.delay_ictinf
Mil.gender.bin | Stay.sex -inf +inf

12.4.3.2. Variables like mi2.* (administrative info rmation,
outcomes)

Unlike the other kinds of variables, the statuartstnd stop dates are defined in the
code. Those variables are very special and theymlf@eced as events in order to
guarantee the abstraction of the process althohghconcept of event is not

appropriate.The implementation is uselessas we finally do not provide rules that

lead to those outcomes.

Variable Status Start date Stop
date
Mi2.back_forth.bin Stay.back_forth_01 Stay.duration +inf
Mi2.death.bin Stay.death 01 Stay.duration +inf
Mi2.icu.bin Stay.through_icu_01 Stay.delay icu +inf
Mi2.tardive_icu.bin If(Stay.through_icu_01==1 | Stay.delay_icu +inf
and Stay.delai_icu>3;1;0
Mi2.transfert.bin Stay.transfer_01 Stay.duration nf+i
Mi2.nb_mu_quanti Stay.nb_mu Stay.duration +inf
(NB: not binary but integer)
Mi2.thmdc.bin If(stay.nb_th_mdc > 1;1;0) Stay.duwat +inf
Mi2.high_duration.bin| If(stay.duration > stay.duration_exp + +inf
stay.duration_exp + 1.96 * | 1.96 * stay.duration_sd
stay.duration_sd ;1;0)
Mi2.high_icu_duratio | If(stay.duration_icu > stay.duration_icu_exp | +inf
n.bin stay.duration_icu_exp + 1.96| + 1.96 *
* stay.duration_icu_sd ;1;0) | stay.duration_icu_sd
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Mi2.early_rehosp.bin | If( stay.delay next_hosp > 0 Stay.duration +inf
and stay.delay_next_hosp <
10;1;0)

12.4.3.3. Variables like drl.* and dr2.* (drugs, co nditions or
outcomes)

The transformation is generic and simple. Let’'suass that a binary dr*.* variable
corresponds to a list (a,b,c,d) of drugs:
IF at least a drug from the list (a | b | ¢ | BBdsninistered
THEN:
0 status=1
0 start=min(administration date of drugs a,b,c or d)
0 stop=max(administration date of drugs a,b,c or d)
ELSE
o status=0
o start=NA (you can also use start=+inf to simplibyee comparisons)
0 stop=NA (you can also use stop=-inf to simplify sbocomparisons)
We are aware that, proceeding this way, pausesigmrescription are ignored.

12.4.3.4. Variables like drl.suppr.* (drug disconti nuations,
conditions)

Let drl.suppr.mydrugoe the variable of interest. Use the event nadrédm