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Natural language processing of multi-hospital electronic health
records for public health surveillance of suicidality

Romain Bey', Ariel Cohen'™, Vincent Trebossen?, Basile Dura’, Pierre-Alexis Geoffroy***%, Charline Jean'’%, Benjamin Landman?,
Thomas Petit-Jean', Gilles Chatellier, Kankoe Sallah'®, Xavier Tannier'’, Aurelie Bourmaud®'*'* and Richard Delorme®'*

There is an urgent need to monitor the mental health of large populations, especially during crises such as the COVID-19 pandemic,
to timely identify the most at-risk subgroups and to design targeted prevention campaigns. We therefore developed and validated
surveillance indicators related to suicidality: the monthly number of hospitalisations caused by suicide attempts and the prevalence
among them of five known risks factors. They were automatically computed analysing the electronic health records of fifteen

, . university hospitals of the Paris area, France, using natural language processing algorithms based on artificial intelligence. We
L'artic | e evaluated the relevance of these indicators conducting a retrospective cohort study. Considering 2,911,920 records contained in a
common data warehouse, we tested for changes after the pandemic outbreak in the slope of the monthly number of suicide
attempts by conducting an interrupted time-series analysis. We segmented the assessment time in two sub-periods: before (August
1, 2017, to February 29, 2020) and during (March 1, 2020, to June 31, 2022) the COVID-19 pandemic. We detected 14,023
hospitalisations caused by suicide attempts. Their monthly number accelerated after the COVID-19 outbreak with an estimated
trend variation reaching 3.7 (95%Cl 2.1-5.3), mainly driven by an increase among girls aged 8-17 (trend variation 1.8, 95%C1
1.2-2.5). After the pandemic outbreak, acts of domestic, physical and sexual violence were more often reported (prevalence ratios:
1.3, 95%CI 1.16-1.48; 1.3, 95%Cl 1.10-1.64 and 1.7, 95%CI 1.48-1.98), fewer patients died (p = 0.007) and stays were shorter
(p < 0.001). Our study demonstrates that textual clinical data collected in multiple hospitals can be jointly analysed to compute
timely indicators describing mental health conditions of populations. Our findings also highlight the need to better take into
account the violence imposed on women, especially at early ages and in the aftermath of the COVID-19 pandemic.

npj Mental Health Research (2024)3:6; https://doi.org/10.1038/544184-023-00046-7
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https.//www.nature.com/articles/s44184-023-00046-7

Cette intervention est faite en toute indépendance vis-a-vis de I'organisateur de la
manifestation. Je n'ai pas de conflit d'intéréts en lien avec le sujet traité.
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L'EDS
de I'AP-HP

L'Entrepdt de Données de Santé (EDS) c'est quoi 7

L'’AP-HP et ses six groupes
hospitalo-universitaires

AP-HP. HOPITAUX UNIVERSITAIRES
HENRI-MONDOR

L'Entrepdt de Données de Santé (EDS) de I'AP-
HP héberge une base de données centralisées
et standardisées contenant les données de vie

réelles collectées par les difféerentes applications

des 39 hopitaux de I'AP-HP.

Ses finalités sont :

 Larecherche

« Le pilotage (gestion et médical) - Bl
* L'innovation
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L'EDS
de I'AP-HP

Les données présentes dans I'EDS

L'Entrepdt de Données de Santé est alimenté par plusieurs types de données :

« Desdonnées structurées provenant des bases de données relationnelles des
applications sources de I'AP-HP (dossiers administratifs, actes médicaux, données
démographigues, etc.)

« Desdonnées semi-structurées provenant de métadonnées de fichiers, d'images ou de
signaux (DICOM, signaux physiologiques, etc.)

« Desdonnées non structurées provenant de fichiers et d'images (documents médicaux
au format PDF, images médicales, etc))

40 millions de

11 millions de dossiers 40 millions 40 millions
patients administratifs d'actes médicaux de diagnostics
(séjours)
140 millions 30 millions 2 milliards
de documents d'examens d'analyses de
médicaux d'imagerie biologie
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Réutilisation
secondaire

Reéutilisation secondaire des données
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o Données de vie réelle vs Essais classiques

Séparation SI-recherche/SI-clinique dans les
essais controlés randomisés classiques

{ \ Application soins

Cliniciens ?
Application soins
Cliniciens
. Application soins Etudes sur
Cliniciens 5 e données de vie
a Application soins réelle
ICliniciens
RWD L Application soins
Cliniciens Application soins

; K Application
recherche

Attachés de recherche
clinique / Techniciens
d’études cliniques

Essais controlés randomisés Ftudes sur données de vie réelle
classiques

ASSISTANCE HOPITAUX
PUBLIQUE DE PARIS

*RWD : real world data / données de vie réelle



Motivation

ASSISTANCE HOPITAUX
PUBLIQUE DE PARIS




9 Motivation Novembre 2020
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Motivation

La santé mentale des franciliens a-t-elle été impactée par le contexte épidéemique?

Y a-t-il une variation du nombre d'hospitalisations pour tentative de suicide depuis le

COVID-19 en région parisienne ?

Dans quelle proportion?

Y a-t-il des populations plus a risque?

Quelle est I'influence des facteurs de risque ?

Peut-on utiliser des grandes bases de données de vie réelle pour fournir de nouveaux

outils de surveillance sanitaire en santé mentale?
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COVID-19 outbreak
=== Model linear component

Overall population

Hospitalised suicide attempts
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Résultat
principal

Female - Age: 18-25

Female - Age: 8-17
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Commenty arriver ?
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o Equipe projet

6[&238%%2%“ Pole Innovation & Données — DSN — APHP

Hopital . . .
E Robert-Debré Service de Pédopsychiatrie — Robert Debré

AP-HP

Equipe

projet
LIMCS < LIMICS — Sorbonne Université
AP-HP. Nord
E;’g;iv:{;;g Unité de recherche clinique (URC) - GHU Nord
L2 |

ASSISTANCE HOPITAUX
PUBLIQUE DE PARIS




9 Données du codage PMSI insuffisantes (information structurée)
 Pasde code pour les TS > codes approximatifs X60 — X85

« Latence de 2 mois
* Biais économique

Exemple
doméesr  1X80:Lésion auto-infligée par saut dans levide |
' X65 : Auto-intoxication par I'alcool et exposition a l'alcool
' X62 : Auto-intoxication par des narcotiques et psychodysleptiques [hallucinogenes]
' et exposition a ces produits, non classés ailleurs
Besoin d'aller vers des données textuelles
13|
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Des événements rares et diffus

Q

Female - Age: 8-17
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Evénements

rares

~30 séjours par mois !

Besoin d'automatisation de |la fouille des données textuelles
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Données lacunaires
« Déploiement du dossier patient informatisé (DPI)

>> fait par service et échelonné dans le temps, instable

100%

. 80%
Données

Manqgquantes

Solution:

« Sélection des 15 hdpitaux

« Etudes de sensibilité (par

20%

Hospital trigram

Proportion de séjours avec au moins un

— TNN  =-= TRS —— BCT h PN t | . t to
PR —- MR - LR opltal, Imputation
...... HMN  =--- ABC
“ 0% L | LI L 2 | L | T L | T LI | T 1 L | L L L T L | T T
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Q Déterminer le motif du séjour a partir des CR médicaux (Texte libre )
« Plusieurs facon de faire référence au méme concept

 Fautes de frappe

« Mots polysemiques

« Référence aux antecédents

« Evéenements vécus par de proches du patient

Evenements exprimeés sous forme d'hypothese

Complexité
linguistique

_____________________________________________________________________________________

—————————————————————————————————————————————————————————————————————————————————————

' CHANGEMENT DE PTG ARTHROPLASTIE TOTALE DU MOTIF D'HOSPITALISATION
' GENOU GAUCHE — PROTHESE SEMI CONTRAINTE TS i Patient de 18 ans, a été hospitalisée pour Détresse
' (STRYKER) - TIBIATAILLE 2 - FEMUR TAILLE 2 - TIGES ! respiratoire aigué sur probable pneumopathie a

D'EXTENSION TIBIALE (LONGUEUR 100 MM COVID.
 DIAMETRE 13) 11 Antécédents familiaux :

|| Tentative de suicide de sa mére a I'adolescence suite
1 a un conflit

——————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————

Commentaires : Admission par la BSPP pour IMV COMPTE RENDU D'HOSPITALISATION du 30/03/2020
B (alcool et médicaments anti-rejets etc) avec ' au 02/04/2020 Derniére TS en 2010. |

__________________________________________________________________________________________________________________________________________________________________________
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Algorithme

TAL : Traitement automatique du langage

Documents contained in the

Algorithme de détection des TS

A single entity relative to suicide
attempt

Does the entity and its context indicate
that the stay was caused by a suicide
attempt?

Yes/No

electron':c health record of a A single discharge summary
ospital stay containing at least one keyword
¢ relative to suicide attempt
( ™
Discard non-discharge %
summaries ( \
- N Word tokeniser
e ¢ ~\ \ J
Select one discharge ¢
summary [ i
= ¢ o Sentenciser
L 2
Cerify that the discharg) - ¢ ~
summary contains at Named entity recognition
least one keyword (suicide attempt)
relative to suicide
attempt (regular
expression)
\_ T J
G ™
Document-classification Document-level
algorithm \ aggregation
L g/ %
¢ Does the document indicate that
Was the stay caused by a the stay was caused by a
suicide attempt? suicide attempt?
Yes/No Yes/No
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Etude de cohorte observationnelle rétrospective
Population: Patients hospitalises (HC) dans 15 hopitaux de 'AP-HP

« Série temporelle interrompue
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COVID-19 outbreak
=== Model linear component

Overall population

Hospitalised suicide attempts
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Male - Age: 18-25

Female - Age: 18-25

.

Femmes 18-25 ans

Population la plus affectée
Femmes 8-17 ans
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Female - Age: 66-120
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Cohorte

Table 1. Number of hospitalisations caused by suicide attempts, seasonally-adjusted long-term means and trends, and post-pandemic trend

variations.
No. hospitalisations caused by  No. hospitalisations caused by ~ Long term mean a, Long term Trend variation after
suicide attempts (%) - pre- suicide attempts (%) - post- (95%Cl)? trend a;(95% COVID-19 outbreak
pandemic period pandemic period cl? a2(95%Cl)*
Male  8-17 232 (3.9%) 281 (3.5%) 6.0 (4.4-7.7) 0.1 (-0.0-0.1) 0.1 (—0.1-0.2)
18-25 271 (4.6%) 405 (5.0%) 6.5 (3.9-9.0) 0.1 (—0.0-0.3) 0.1 (—0.1-0.4)
26-65 1451 (24.4%) 1755 (21.7%) 39.7 (34.4-45.0) 0.3 (0.0-0.6) 0.3 (—0.2-0.9)
66— 300 (5.0%) 313 (3.9%) 10.2 (8.0-12.4) —0.1 (-0.2-0.0) 0.3 (0.1-0.6)
All Ages 2254 (37.9%) 2754 (34.1%) 62.4 (55.6-69.2) 0.4 (0.0-0.8) 0.9 (0.2-1.6)
Female 8-17 865 (14.5%) 1535 (19.0%) 23.2 (16.8-29.5) 0.1 (—0.2-0.5) 1.8 (1.2-2.5)
18-25 549 (9.2%) 1045 (13.0%) 13.5 (9.2-17.8) 0.2 (—0.0-04) 1.1 (0.7-1.5)
26-65 1810 (30.4%) 2197 (27.2%) 44.8 (38.4-51.3) 0.7 (0.4-1.00 —0.2 (—0.8-0.5)
66— 476 (8.0%) 538 (6.7%) 14.0 (10.6-17.3) 0.1 (-0.1-0.2) 0.1 (—0.3-04)
All Ages 3700 (62.1%) 5315 (65.9%) 95.5 (83.2-107.7) 1.1 (0.4-1.7) 2.8 (1.6-4.1)
Overall 5954 (100.0%) 8069 (100.0%) 157.9 (142.0-173.7) 1.5 (0.6-2.3) 3.7 (2.1-5.3)

2Parameters were computed by ordinary least squares regressions following Eq. (1). All models were controlled for seasonal effects. 95%Cls were based on
standard errors. Number of hospitalisation stays caused by suicide attempts were used as dependent variables.
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Facteurs
de
risque

Risk Factor Prevalence

Sexual violence

Table 3. Prevalence of risk factors in pre- and post-pandemic periods.
Risk factor Group Pre-covid prevalence Post-covid prevalence Prevalence ratio (95% ClI)® p-value?
(number of stays) (number of stays)

Domestic violence Overall 0.06 (360) 0.08 (639) 1.3 (1.16-1.48) <0.0001
Male 0.05 (106) 0.06 (163) 1.3 (0.99-1.60) 0.059
Female 0.07 (254) 0.09 (476) 1.3 (1.13-1.51) 0.00035

Physical violence Overall 0.02 (142) 0.03 (258) 1.3 (1.10-1.64) 0.0047
Male 0.01 (29) 0.02 (50) 1.4 (0.90-2.22) 0.14
Female 0.03 (113) 0.04 (208) 1.3 (1.02-1.60) 0.032

Sexual violence Overall 0.04 (244) 0.07 (567) 1.7 (1.48-1.98) <0.0001
Male 0.01 (31) 0.02 (66) 1.7 (1.14-2.66) 0.0098
Female 0.06 (213) 0.09 (501) 1.6 (1.40-1.91) <0.0001

Social isolation Overall 0.06 (383) 0.08 (640) 1.2 (1.09-1.39) 0.00071
Male 0.07 (159) 0.08 (216) 1.1 (0.91-1.35) 0.31
Female 0.06 (224) 0.08 (424) 1.3 (1.13-1.54) 0.00049

Suicide attempt history Overall 0.36 (2160) 0.40 (3199) 1.1 (1.05-1.14) <0.0001
Male 0.33 (749) 0.36 (993) 1.1 (1.00-1.17) 0.037
Female 0.38 (1411) 0.42 (2206) 1.1 (1.03-1.15) 0.0013
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Table 2. Positive predictive values of the natural language processing algorithms.
Pre-pandemic positive predictive value Post-pandemic positive predictive value
(95%Cl, No. annotated records)? (95%Cl, No. annotated records)®
Main algorithm used to detect hospitalisations caused by suicide 0.85 (0.76-0.91, 85) 0.86 (0.76-0.92, 77)
attempts (hybrid machine learning and rule-based approach)
Alternative algorithm used to detect hospitalisations caused by  0.51° 0.52°
suicide attempts (rule-based approach)
Algorithm used to detect social isolation risk factor 1.00° (0.89-1.00, 30) 0.96° (0.79-0.99, 23)
Performance Algorithm used to detect domestic violence risk factor 0.96° (0.79-0.99, 23) 0.96° (0.80-0.99, 24)
I’algoorliethme Algorithm used to detect sexual violence risk factor 0.84° (0.70-0.93, 38) 0.96° (0.82-0.99, 28)
Algorithm used to detect physical violence risk factor 0.86° (0.69-0.95, 29) 0.96° (0.82-0.99, 28)
Algorithm used to detect suicide attempt history risk factor 0.93° (0.78-0.98, 29) 0.83° (0.66-0.93, 30)
#Wilson score intervals were used to compute the 95%Cls.
BFor the estimation of the performances of the alternative rule-based SA-classification algorithm, additional stays were drawn randomly among the stays that
were classified as SA-caused by the rule-based algorithm but not by the hybrid algorithm—see Supplement. The Wilson score intervals could not be
computed using this method.
“For the estimation of the performances of the risk factors algorithms, stays were drawn randomly among those that were labelled positive both by the main
SA-classification algorithm and by the risk factors-classification algorithms.
|22 |
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Unknown & Other forms
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Limites

Ftude observationnelle qui ne prouve pas l'existence de relations de causalité.

Ftude rétrospective qui devrait étre complétée par une étude prospective afin de
demontrer pleinement l'utilité des indicateurs de santé mentale développés pour

faire face aux crises a venir.
Les facteurs de risque sont rapportés par les cliniciens.

Les visites aux urgences qui n'ont pas eteé suivies d'une hospitalisation ont éte

écartées en raison de la faible disponibilité des données.
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Conclusions

Constat de 'augmentation du nombre de TS mensuelles apres le COVID,

particulierement parmi les femmes entre 8 et 25 ans.
La violence, facteur de risque connu, a été plus rapporte apres le COVID.

Cohérence des résultats avec la littérature en utilisant une méthodologie

iInNnovante.
Indicateurs de surveillance sanitaire grace au TAL dans un EDS.
Possibilité de calcul en temps réel pour la surveillance épidemiologique.

Possibilité de détection des évenements rares parmi les millions d'hospitalisations.
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Questions ?

Perspectives ?

Suggestions ?

?
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Sexual violence
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Social isolation
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L'algorithme

Documents contained in the
electronic health record of a

hospital stay

.

-,
Discard non-discharge
summaries

A single discharge summary

containing at least one keyword
relative to suicide attempt

A single entity relative to suicide

attempt

~

L. >

v

[ Select one discharge
summary

1

. J

v

summary contains at
least one keyword
relative to suicide
attempt (regular
expression)

\
Cerify that the discharge

Does the entity and its context indicat
that the stay was caused by a suicide

Does the document indicate that
the stay was caused by a
suicide attempt?
Yes/No
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Classification of suicide attempt entities

Rule Based Machine Learning

______________

Suicide attempt 3
entities 1

_____________

: Suicide attempt 3
\ entities 1

Select words in a window
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tokenization

Trained model
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https://aphp.github.io/edsnlp/latest

Diagramme
d'exclusion et
d'inclusion

Source population
Patients with at least one hospital stay
admission after August 1%t,2017
and before July 15,2022
No. patients: 1,514,297 ; No. stays: 2,911,920

Patients with at least one suicide attempt
keyword detected in their documents
No. patients: 52,416 ; No. stays: 169,320

Stays in the 15 hospitals with advanced
deployment of the electronic health records
No. patients: 44,252 ; No. stays: 127,984

A

Stays caused by suicide attempt
No. patients: 11,919 ; No. stays: 15,678

N

Stay-classification
algorithm

e e

y

A
Stays with patient aged > 8 years at admission
No. patients: 11,786 ; No. stays: 15,526

y

Stays with no previous suicide attempt stay in
the preceding 15 days
No. patients: 11,786 ; No. stays: 14,023

O Query engine
O Analysis environment
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Trend
variations

Per-hospital forest plot of trend variations - overall population

Trend variation after the COVID-19 outbreak of
the monthly number of hospitalised suicide attempts
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Trend
variations

Per-hospital forest plot of trend variations — girls 8-17 years
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Open
source

Open-source

Plusieurs projets matures:  https//aphp.github.io/

INntérét:

Mutualisations entre projets de recherche

=

Construction progressive de l'outil de recherche sur le temps long
Mode de collaboration entre cliniciens, chercheurs, méthodologistes,

data scientists, data engineers, etc.
Reproductibilité, auditabilité
Qualité du code, optimisation computationnelle
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https://aphp.github.io/

