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Introduction - Towards Computired Medical Prescriptions

= -2% errors in 5000 prescriptions in France (Augry et al.,
2000)

= 42% incomplete, 32% overdosage, 6% underdosage

= 0.3% prescribing errors per patient per day in a study of
hospital medical units (Bates et al., 1995)

= % prescribing and administration errors (Leape et al., 1995)

=> medical errors in general are the third leading cause of death in
the USA

= Prescription management systems
= As a part of health information technologies
= routine in most GP and hospitals




Introduction - Towards Medical Prescription Understanding

0 Use of prescription management
systems in health institutions —_—
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] But time consuming, not
available at the point of care.



Introduction - Towards Medical Prescription Understanding

e Provide a natural language interface to
prescription management systems

e Enable practitioners to record their
prescriptions orally

e Prescription at the point of care
e Provide a form closer to their usual practice

e Integration of PMS into the dialogue policy

® Futura Smart Design®




Introduction - Approach
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amoxicilline 500 mg 2 gélules 2 fois par jour pendant huit  jours
@ Natural Language inn d-dos-val d-dos-up  dos-val dos-uf rhythm-perday O O O O dur-val dur-ut
Understanding amoxicillin 500 milligrams 2 capsules twice a day for 8 days
1% 1 I B
13 r N ar R
Ssaminguation atd Amoxicilline 500 mg, capsules 2 capsules, oral twice a day Jor8deys, everyday,
Information Filling starts now
System : Atwhat time of the day should the patient take the two capsules?
@ Requesting Precision from the Prescriber Prescriber : One capsule in the morning, 1 capsule at night

@ p iti fa Structured P intion: AMOXICILLIN 500 mg, capsules, route of administration oral. One capsule in the morning,
TOpOSINON OL.a: SIuCtul TescImaon. one capsule at night, starting from today for 8 days.

System: Contraindication detected, the patient has an allergy for pennicilin. Do you

@ g::‘;,':gg:f:lg:ﬂg Migractions want to add this drug to the prescription?
ry Prescriber: Abort

e Spoken medical prescriptions as a dialogue task

e Utterance understood, disambiguated and completed through dialogue

e Expert automatic information checking to avoid mistakes
1 Using medical thesaurus and PMS



Related Work

[ Large body of work on automatic
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B-medication =dosage ] =manner J] =frequency J] =duration || =reason
1 12B2 2009 Shared Task on Medication Information Extraction (Uzuner et al., 2010)
1 Almost no work for French (Deléger,2010)

1 Not aware of any spoken prescription systems



Overall System
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0 Slot filling and disambiguation

Prescription utterance

v

“celestene [betamethasone] 10 drops on
both eyes 3 times daily in the moming, noon
and night for 5 days"

Domain definition

| Slot-label | Slot-value " Textvalue

—

medical_prescription( drug=drug="celestene",

inn=inn:“betamathasone”,
dos_val=dos_val numeric:“10",
dos_uf=eyedrop="drops”,
cma_event=event="on both eyes”,

rhythm_tdte=morning="morning”,rhythm_tdte=noon="noon”...,
dur_val=dur_val_numeric="5",
dur_ut=day="days”)

drug INN d-dos-val | | d-dos-up d-dos-form d-dos-form-ext || A| | ROA dos-val || dos-uf thythmtdte || dur-val | dur-ut
Celestene Betam- @ %) %) %) %) %) %) 10 drops  morning 5 days
ethasone noon
z night
Medical thesaurus
CELESTENE 0,05 %, solution in drops solution in drops
CELESTENE 0.5 mg-tablets tablet
ELESTENE 2 g, breakable.di blotab] breakablodi “Blo-tabl
L inicableslan T E———
=TT eableslin el SOE
I ESTENES > ol iniectable_solut e ieciable-solii
ELESTENE CHRONODOSE 5,70 . ion for iniecti ion for iniecti




NLU handling and lack of data

] Merged textbook, generated data and coloquial data Le Guide

des premieres

] Added utterances from colloquial speech corpus ESLO Ordonnances

Noms de Marques et DCI

] To recognize out-of-domain utterances

] Trained CREF, Tri-CRF, Attention-RNN and seq2seq models

Corpus Train Dev Test
Textbook 417 99 316
Artificial 3034 0 0

ESLO 417 99 316

Total 3868 198 632




Dialogue handling

One dialogue turn ’4"—\\~‘,"/ .
gl Dialogue Transformers (Vlasov et al., 2019)
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Evaluation: initial results

NLU F-measure (2019)

Model Intent  Slot-label
Baseline - 0.61
RASA 0.97 0.67
Tri-CRF 0.97 0.93
Att-rnn 0.99 0.82
Seq2Seq 0.97 0.70

40 dialogs with 2 medical experts and 2 naive users (2020)

Uscrs

. Drug .
Task Sucess Rate Averag;.l-)‘::logue g‘f;:?eesure) xg:) T :;’:;’f: ;l(‘:ln:uccess)
Rate (on TP) | ‘
medica) 45% 1.56 0.75 3.40% | 0.62 30 seconds
experts
N 16.6% 1.54 0.43 17.35% | 0.65 35 seconds
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Discussion and Future Work

> Extracting medical prescription information for a voice-based PMS

O

©)
©)
©)
©)

lack of medical data in French (where is the French MIMIC?)
lack of resource in French (where is the French BioBert?)
generation strategy leads to reasonable system

importance of external knowledge

company data difficult to leverage

> Data collection and experiments during the lockdown using smartphones

©)
©)
©)

test of our system with physicians (CHU Grenoble) and naive users
current collection planned to be released as CCO.

adapt pre-trained model (Flaubert) (Le et al.,2019)

m we improved 12B2-2009 using BlueBert (Peng et al.,2019)

develop semi-supervised approach to leverage unannotated French data

13
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