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Ou en est la recherche en apprentissage profond ?
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Deep EHR: Application Areas
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Representation learning
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Deep EHR: Technical Methods
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[Shickel, Deep EHR : A Survey of Recent Advances in Deep Learning Techniques for Electronic Health Record, 2018]



Représentation de concepts

Note clinique Publication clinique

= NCBl Resources =) How To [~

Mr. Smith is a 63-year-old gentleman

US National Libray of Medicins |
i Siuine o Hisalh Advanced  Journal list

with coronary artery disease,
hypertension, hypercholesterolemia,
COPD and tobacco abuse. He reports
doing well. He did have some more knee
pain for a few weeks, but this has
resolved. He is having more trouble
with his sinuses. | had started him on
Flonase back in December. He says this
has not really helped. Over the past
couple weeks he has had significant
congestion and thick discharge. Na

Journal List » J Clin Oncol » PMCASETTO0

4 Chin Oncol. 2015 Sep 20; 3327y 2049-2662. PMCID: PMCASETTO0
Published onine 2015 Aug 24. deb: 10.12000C0.2015.62.8780 PMID: ZE304E35

Collaborative Efforts Driving Progress in Pediatric Acute
Myeloid Leukemia

fevers or headaches but does ha
diffuse upper right-sided teeth
He denies any chest pains,

palpitations, PND, orthopnea, e(
syncope. His breathing is doing

half-a-pack per day. He plans or
trying the patches again.

Utile pour comprendre les
similitudes ou faire des
No cough. He continues to smoke| prédictions semi-supervisees !

of pediatric acute myeloid
the past decades. Because
of approximately seven
international collaborative
orts and includes a summary
laborative pediatric AML
linical research, which includes
NS CONCEM acute

syndrome, and relapsed AML.

A plethora of novel antileukemic agents (hat have cmerged, including new classes of
drugs, are summarized as well. Finally, an im t aspect of the treatment of

\\

Représentations pour:

Les patients
Les médecins
Les visites

_7€s maladies
Les médicaments
Les symptémes




Encodage de mots dans le langage biomédical

s é?:ﬁlessness
Extraire les relations ‘IFE ness gonstipation
entre les mots et produire
une représentation gatighgadache Siariness
‘Iugglshness Wd "
latente _ @/omiting
@veakness pam @/arrhea



Que faire avec I'encodage de mots?

e Nous pouvons les composer pour créer des encodages de paragraphe.

e Utilisation a la place des mots pour un RNNs
e Augmenter les représentations apprises sur de petits ensembles de donnees
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[Mikolov, 2013]

Etudier la compositionnalité de
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[Pennington, 2014]

Etudiez la variation de sens entre deux
textes (ou hopitaux, ou médecins) ?

spread

broadcast (1850s).. ese%w

circulated

broadcast (1900s)
newspapers
television
radio

hhc broadcast (1990s)

SOwWS
scatter

C solemn
awful (1850s)
majestic
awe
dread ensive
glo(glmy

horrible

appalliwg terrible
a

il (1 91K0s) wonderful

awful (1990s)
awfullye’rd

[Cultural Shift or Linguistic Drift, Hamilton, 2016]




Représentation des mots

Encodage One-hot : vecteur binaire par mots

Exemple :
chat =

maison =

[O0O100000000O0O0O0 .
chien = [OOO0O0O1000000O0O0O0 .
[10000000000O0O0O



word2vec

contexte fenétre

\

Mot contextuel Mot cible Mot contextuel

impliquant Ie-respiratoire et d"autres symptoémes thoraciques

INPUT PROJECTION  OUTPUT

1. Chaque mot est un exemple d’entrainement P .

2. Chaque mot est utilisé dans de nombreux contextes impliquant 0 1 impliquant
3. Le contexte définie chaque mots

1

51

doctor 0 0 doctor

systeme 1 0 systéeme

respiratoire 0 1 respiratoire

Efficient of Word in thoracique 0 0 thoraCique

Vector Space

© T
Gl B Mmatain Yim, €A Doy .. Bl View, CA

Abstener

i ~ Mikolov, Efficient Estimation of Word Representations in Vector Space, 2013
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Rapports de I’'hopital universitaire de l'Indiana

Images de radiographie pulmonaire du réseau hospitalier de I'Université de I'Indiana

Indiana University Chest X-ray Collection
Kehli MD, Rosenman M - (2013)

Affiliation: Indiana University

ABSTRACT

Comparison: None.
Indication: Positive TB test

Findings: The cardiac silhouette and mediastinum size are within normal
limits. There is no pulmonary edema. There is no focal consolidation. There
are no XXXX of a pleural effusion. There is no evidence of pneumothorax.

Impression: Normal chest x-X300X,

NOTE: The data are drawn from multiple hospital systems.

Show MeSH
Related in: MedlinePlus Request Collection

4000 rapports disponibles en format XML !

OPEN@




Hyperparametres !

En fonction de la configuration du modele, les encodages peuvent varier :
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Nous pouvons varier :
la dimension de I'encodage, le taux d'apprentissage, les mots-clés, la taille de la fenétre, etc.



La taille de I'encodage a de I'importance
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spine
seen
evidence
infiltrate
findings
disease
focal
aortic
suspicious
acute

within

Dim =2

0.000000

6.632637

8.230038
13.233962
17.762381
19.574038
22.267534
23.346777
25.558247
29.176380
29.798399

o O »~p O DN

o

10

spine

severe
changes
anterior

mild

also

thoracic
noted
calcifications
vertebral

stable

0.000000
3.304547
3.469765
3.474130
3.731760
3.828588
3.838329
3.871284
3.934170
4.004414

4.022851

Dim =100

*via t-sne



Sous-ensemble a acces libre de PubMedCentral |/ (®

Sous-ensemble de fichiers disponibles en libre acces

Documents disponibles en format PDF ou XML

1,25 million d'articles biomédicaux et 2 millions de mots distincts
Disponible par FTP pour téléchargement en masse

Les métadonnées comprennent le nom de la revue et l'année.

</sec>
ec sec-type="methods">
<title-Potients and methods</titles
<sec>
<titlesPatients</title> BreaSt Cancer ReS -
P 1995 and Sep 1998, 413 potients with obnormal bregst findings were referred fo =
hsbu‘!ngnu‘l valuation to the Depnment fGynoulogy of the Friedri hSch'llel.l iversity, Je , Germany. Patients Genome BlOI.
had been selected ond referred beca of the pre e of breast lesions detected by palpatio d!rmmng aphy - -
and/or sonography. In addition MR mmnog aphy was oe rformed in all patients. We excluded five natiants with invasive Arth ritis Res N
ccccc who had a history of core-needle or fine-needle biopsy concer within 2 weeks before referral, because the
presence of haematoma may mimic false-positive findings on MR memmography. In addition, five patients who did not kee B
still during MR mommogrophy were excluded.</p> BMC Ce I I B I 0 I -
</secs

<sec>
<title-Imaging</title-
<p>
Analysis of the sonogroms taken in patients with histolegically confirmed carcinoma
<italicxin situ</italic>
were excluded from analysis because the volue of sonography for detection of premalignont disease is

Exemple de données XML

Noms des journaux
https://www.ncbi.nlm.nih.gov/pmc/tools/openftlist/



https://www.ncbi.nlm.nih.gov/pmc/tools/openftlist/

Encodage de mots dans le langage biomédical

v2 [esIR] 9 Feb 2018

Les représentations sont

biaisées par les données.

Nous pouvons l'utiliser a
notre avantage pour
contrbler le domaine.

A Comparison of Word Embeddi

Biomedical Natural Lang Pr

Nk Wiamg. S Lo, Nanred A, Ml Wantegar blasasad, Limes Wang. Fribas Sorn, Pk

for the

gematemesis
chills ‘eﬂiﬁgclor
B '“‘-’Qa"heieartburn EpoyiRsia ceftazglime cefazolin
‘3“535'31; s @efoxitin
e ation
] norexia ghacitracin
@emoptysis
@yspnea hloramphenicol
@yncope @thargy :ranCIIIIn
(a) EHR (Mayo Clinic) (b) PubMed
gitation
¢ %ﬁgersgsness ¢
‘iredvness gsonstipation #§®ulsion @hannerism '
oo
‘atidgadache . @pasm @rowning
@luggishness ‘ﬂﬂi?miting
. . embling draolin '
@veakness @31 @iarrhea ‘hills‘r ¢ gc'uttewgshing

(c) Wikipedia + Gigaword
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Fig. 1. Example clusters in different word embeddings.

Wang, A Comparison of Word Embeddings for the Biomedical Natural Language Processing, 2018




Le nom complet du
diabete est "diabete
mellitus”
diabetes — mellitus,
ntrolled,
Un type d'ulcere
gastro-duodénal

peptic ulcer disease

Le cancer du coblon
est associé au
cancer du sein !

colon cancer

prostate,

postmenopausally,

caner

cardiovascular,
nonalcoholic,
obesity,
mellitus,
polycystic
gastritis,
alcoholism,
rheumatic,
ischaemic,
nephropathy
breast,

mcf,

cancers,

tumor_suppressing,

downregulation

hypertension,
obesity,
arthritis,
cancer,
alzheimer
ulcers,
arthritis,
diseases,
diabetes,
stomach
breast,
prostate,
cancers,
tumor,

liver

Selon certains articles, les
diabétiques courent un
risque accru d'hypertension
(hypertension artérielle)

diabetic,

diabetes_mellitus,|

symptomes est
un ulcere

heart_disease
ichen_planus,
Candida_infection,
vaginal_yeast_infections,
oral_thrush,

dermopathy

breast,

prostate,

tumor,

pre_cancerous_lesion,

cancerous_polyp
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