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Unstructured Clinical Data:
* Images
* Natural language texts (EHRs)

Around 80% of
health data “locked”
in unstructured text

Information source for:
Clinical decision support
Patient stratification & selection
Disease/adverse drug event surveillance
Health management

Predictive/modelling
Many others,...

Structured Clinical data:
o Clinical coding (ICD10)

Lab tests/results
Genomic/sequencing data
Basic sociodemographic
patient characteristics
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__ Most of published studies

: - ‘ | A € / that use EHR data still use

~

-/

- ONLY structured data
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Unstructured text:

Clinical narrative
Example - Galician health system:

200.000 clinical notes per day
(population 2,7 million)

Transforming clinical text written by
healthcare professionals into
structured clinical data
representations



Diversity of health textual data content

Data sources include:
Scientific/biomedical literature
Clinical records

Clinical trials

Health web content

Social media

Patient forum

Patents

Thesis & books

Drug leaflets

Medical surveys & questionnaires,....

Social
media, blogs

AN N N NN N

NLP of diverse sources of data could
provide a more comprehensive view of
patient/population health
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Challenges of clinical NLP approaches

» Language used to communicate & document results of observations & assessments
during the care episode

= Difficulties & issues:
o Proliferation of synonymy & polysemy

Use of neologisms

Telegraphic language, abbreviations, acronyms & apocopes (derma instead of
dermatology)

Localisms & lexical language variants (nations, regions, areas,..)

Errors: grammatical, typographical or style, lack/errors in accentuation/spelling/
punctuation marks, sentences without verbs, etc.

o Importance of: negation, speculation (e.g. does not show symptom)
High variability depending on document type & specialities: No out of the box ?

NLP solution will ussually work well enough -> need adaptation/fine tuning ?
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Telegraphic language & abbreviations

Mujer de 84 anos sin ACM. Niega habitos toxicos. Parcialmente
dependiente ABVD. Vive en residencia. Antecedentes de HTA,
DLF y FA antiagregada. Ictus POCI ACP izquierda en 2008,

< etiologia cardioembdlica.

Mujer de 84 anos sin alergias medicamentosas conocidas. Niega
habitos toxicos. Parcialmente dependiente adriamycin bleomycin
vinblastine and dacarbazin. Vive en residencia. Antecedentes de
hipertension arterial, depresion a largo plazo y fibrilacion
auricular antiagregada. Ictus circulacion posterior, arteria
cerebral posterior izquierda en 2008, etiologia cardioembdlica.

LF-NESTED NESTED-SF
| \ v
Long form Nested Short form

(...) en la artroplastia total de rodilla (ATR) o
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Overcoming barriers to NLP for clinical text: the

Barriers for mEdicaI NLP (beyond EninSh) role of shared tasks and the need for additional

creative solutions @
Wendy W Chapman X, Prakash M Nadkarni, Lynette Hirschman, Leonard W D'Avolio,
Guergana K Savova, Ozlem Uzuner
LaCk Of aCCess tO Shared data Journal of the American Medical Informatics Association, Volume 18, Issue 5, September
2011, Pages 540-543, https://doi.org/10.1136/amiainl-2011-000465
Lack of ann for training an ial soluti
ack of annotated datasets for training and Potential solutions

benchmarking

Shared tasks—a partial solution for
Insufficient common conventions and progress
standards for annotations

Thinking creatively to foster:

The formidability of reproducibility - Reproducibility of results
- Collaboration
Limited collaboration - User-centered design

- Scalability and tackling real problems

@

Lack of user-centered development and
scalability



Plan de Impulso de las
Tecnologias del Lenguaje

Current trends, needs & possibilities

High quality
annotated
data sets

(MIMIC IV, GENIA,
CHEMDNER,
SPACCC, Merlot,..)

Multilingual, human
in the loop, synthetic

Biomedical NLP

OEe

z] 122
Software,
platforms,

open code,
libraries

(HuggingFace,
Spacy,CogStack,
cTakes, GATE,...)

Model sharing, end-
to end solutions

2N

Shared tasks:

benchmark,
reproducible

(i2b2/n2c2, CLEF,
TREC, BioCreative,

BioNLP-ST, IberEval,

EVALITA,
SEMEVAL,..)

Increased diversity,
multilingual

i&r‘% Need of Computing
infrastructure

Continuous access to GPUs for
model training for:

Language

models
(LLMs, PLMs,
Transformers,
multilingual, domain-
specific)

Legal
scenario

(Data & model
licencing, privacy
preservation &
anonymization,
legal data usage
agreement, ethics)

(i)
%é Annotation
guidelines

(interpretation,
extension, adaptation,
quality, reusable,
multilingual
reproduceable data
annotations)

Synthetic data,
federated approach



Barries and solutions to promote clinical NLPO resource development
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Overcoming barriers to NLP for clinical
text: the role of shared tasks and the need
for additional creative solutions @

Wendy W Chapman &, Prakash M Nadkarni, Lynette Hirschman,

Leonard W D'Avolio, Guergana K Savova, Ozlem Uzuner

Journal of the American Medical Informatics Association, Volume 18, Issue
5, September 2011, Pages 540-543, https://doi.org/10.1136/amiajnl-
2011-000465

Published: 01 September2011  Article history v

Névéol et al. Journalof Biomedical Semantics (2018):12
https:/doi.org/10.1186/s13326-018-0179-8 X ) Journa |'0f
Biomedical Semantics

REVIEW Open Access

Clinical Natural Language Processing in @
languages other than English: opportunities
and challenges

Aurélie Névéol' ®", Hercules Dalianis?, Sumithra Velupillai*#, Guergana Savova® and Pierre Zweigenbaum'

Shared tasks & evaluations

Legal aspects

Sustainability of resources

Interoperability

Research

scientists

Text mining for biology - the way forward: opinions from leading

Russ B Altman?, Casey M Bergman?, Judith Blake3, Christian Blaschke4,
Aaron Cohens, Frank Gannon®, Les Grivell7, Udo Hahn8, William Hershs,
Lynette Hirschman9, Lars Juhl Jensento:11, Martin Krallinger:2,

Barend Mons?3, Sean I O'Donoghue??, Manuel C Peitsch4,

Dietrich Rebholz-Schuhmann?5, Hagit Shatkay6 and Alfonso Valencia!2
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Health Language Models
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Aims of medical Language Models
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ChatGLM/LLaMA -like GPT/PaLM-like

General domain pre-trained models applied directly to the biomedical
domain leads to unsatisfactory performance due to domain shift

https://github.com/Al-in-Health/MedLLMsPractical Guide
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Medical Language Models: main aspects

Pre-training from Fine-tuning General Prompting General
Scratch LLMs LLMs
Principles: Principles: :
Pipeline Data Medical Pre-training Fine-tuning
Knowledge Bases Data Data
Discriminative Generative Performance
Tasks Tasks Comparisons
Medical Clinical ' / Clinical Report | ' Medical
; Decision-Making Coding Generation Robotics
= Medical
Directions LLMs Medical Language Medical Mental Health . /' Medical Inquiry
Translation Education Support & Response
Hallucinati Lack of Evaluation Domain Data
gerenaion Benchmarks and Metrics Limitations
Clinical New Knowledge Behavior Ethical & Safety Regulatory
A i Al
Challenges Applications daptation ignment Concerns Challenges
New Multimodal =~ Medical  Underrepresented  Interdisciplinary
Benchmarks LLM Agents Specialties Collaborations

From: https://github.com/Al-in-Health/MedLLMsPracticalGuide



Medical LMs: timeline & data sources
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Barcelona Zhou, Hongjian, et al. "A survey of large language models in medicine: Progress,
Supercomputing  appiication, and challenge.” arXiv preprint arXiv:2311.05112 (2023) Medical applications
Center ) ) Pretraining
Centro Nacional de Supercomputacion - ) .
Books/wiki @ Iiterature KG ﬁ dialogue QA EHR/clinical guideline Fine-tuning
Prompting

https://github.com/Al-in-Health/MedLLMsPracticalGuide



=« [\edical LMs beyond text
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Pre-training from Scratch

* BiomedGPT: A generalist vision—language foundation model, SOTA in 16 out of 25 tasks (Zhang et al. Nature
Medicine, 2024)

* GatorTronGPT: A Study of Generative Large Language Model for Medical Research and Healthcare (Peng et al. Digital
Medicine, 2023)

* MedCPT: Contrastive Pre-trained Transformers with Large-scale PubMed Search Logs for Zero-shot Biomedical
Information Retrieva (Jin et al. Bioinformatics, 2023)

*BioGPT: Generative Pre-trained Transformer for Biomedical Text Generation and Mining (Luo et al. Bioinformatics,
2022)

* DRAGON: Deep Bidirectional Language-Knowledge Graph Pretraining (Yasunaga et al. NeurlPS, 2022)

* BioLinkBERT/LinkBERT: Pretraining Language Models with Document Links (Yasunaga et al. ACL, 2022)

» GatorTron: A Large Language Model for Electronic Health Records (Yang et al. Digital Medicine, 2022)

* PubMedBERT: Domain-specific Language Model Pretraining for Biomedical Natural Language Processing (Gu et al.
ACM HEALTH 2021)

* BioBERT: A Pre-trained Biomedical Language Representation Model for Biomedical Text Mining (Lee et al.
Bioinformatics, 2020)
* SCIBERT: A Pretrained Language Model for Scientific Text (Beltagy et al. ENNLP, 2019)
* ClinicalBERT: Publicly Available Clinical BERT Embeddings (Alsentzer et al. NAACL Workshop, 2019)
* BlueBERT: Transfer Learning in Biomedical Natural Language Processing: An Evaluation of BERT and ELMo on Ten
Benchmarking Datasets (Peng et al. BioNLP Workshop, 2019)

https://github.com/Al-in-Health/MedLLMsPracticalGuide



BioMedGPT

Multimodal data

/ Treatment e
L : Report
@ Sudgestion summarization S

A

Mortality
(=)
_‘_ prediction =
[— - e
WL T T Conversation
Ultrasound Clinical-trial ext ext summarization

@ 71

Pathology
Microscopy images
Pathology and
radiology
VoA
Publications Literature Clinical notes
Cc
Pathology and radiology VQA

Q: What is seen at this stage, associated with regeneration and repair?

A: Numerous reactive type |l pneumocytes.

Q: Are bite cells like this one in the smear associated with regeneration and repair at this stage?
A: No.

Q: What are the findings based on the image?
A: The nasogastric tube is in adequate position, and there is a resolution of the gastric distention.
There is still mild bibasilar atelectasis. There are no pneumothorax no pleural effusion.

matching  understanding summarization

VQA Captioning

Image Report
classification generstion

2 B

Disease Lesion
diagnosis detection

Disease diagnosis

Q: What disease does this
image depict?
A: Breast cancer.

J
Lesion detection

Q: What skin lesion does this
image depict?
A: Melanoma.




NYUTron

A Data collection b Pretraining

Langone EHR | | NYU Notes | | Language model | I NYU Notes |
.
— 1
S
Clinical Clinical
L | notes notes a
l l Clinical
l NYU fine-tuning | I Masked language modelling I task
Fill in [MASK]:
A 39-year-old [MASK] was brought in by
ambulance.
Clinical Task-specific 0
notes | , labels o
Physician
C Fine-tuning d Deployment Opetr:st'l(onal
I Pretrained model | | NYU fine-tuning | | Fine-tuned modell I Inference engine A A
1 ) ! 1' ;
Clinical | Task-specific — T T Admin
notes |, labels
| Fine-tuning ] l Hospital EHR l I Email alert I
Y
Predicted Ground =.=:==i Physician
pllabel) truth 3 Loss
(06,04) 1
\ Clinical A
Weight update notes

In-hospital mortality prediction
How likely is the patient to die in the hospital before discharge?

Binned comorbidity index imputation
Without structured ICDS, how sick/chronically ill is the patient?

30-day all-cause readmission prediction
How likely is the patient to come back within 30 days of discharge?

Binned LOS prediction
How long will the patient stay in the hospital?

Insurance denial prediction
How likely is the patient's insurance claim to be denied?
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Fundus Images Based
Scene Q&A

[ Fundus Image ’

Poor image quality

T |l

= N - N - § - |

[NPDR] [ PDR ] [ DME ]

Diagnosis and Treatment and Prognosis and
examination prevention lifestyle

Medical
. . Causes and
imaging symptoms
description y
Different
Scenarios

imaging.
Causes and symptoms: Information about the

methods.

rehabilitation, and other aspects of treatment.

Medical Imaging description: About the basic description of disease classification, grading, and lesion based on medical

symptoms of a disease.

Diagnosis and examination: How to diagnose and examine a particular disease, including common examination and testing
Treatment and prevention: How to treat and prevent a particular disease, including medication, surgical treatment,

Prognosis and lifestyle: The prognosis of a disease and how to alleviate symptoms or prevent a disease by changing lifestyle.




GatorTronGPT

LT
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828 clinical tex TR M,

195B English text

HiPerGator Al Cluster

GatorTronGPT
(GPT-3 architecture,
5B/20B parameters)

Prompt

Prompt

Training

®» Answer

Infer
» ?

P-tuning based text generation

Drug-drug interaction
Chemical-disease

Drug-target interaction

Question answering
*  PubMedQA

*  MedQA

*  MedMCQA

d

30 paragraphs

written by UF Health Physicians

30 paragraphs
written by GatorTronGPT

Physician evaluator 1
(Endocrinologist)

* Readability?
* Clinical relevancy/consistency?
¢ Written by Al/Physician?

Physician evaluator 2
(Cardiologist)

v

20B words clinical text
written by GatorTronGPT

/

I
1 Synthetic NLP model

\
|
1
: (GatorTronS) :
/

\

1. Clinical concept extraction
The patient had a moderately dilated
aortic ...

2. Drug-Adverse event relations
Thalidomide discontinued secondary to
skin rash ...

3. Semantic similarity=0

———S1: Patient discharged ambulatory with-

out further questions;
S2: Please contact location at phone
number with any questions

4. Natural Language Inference
"Labs were notable for Cr 1.7" — "Pa-
tient has elevated Cr"

5. Question Answering

What lab results shows patient have
diabetes?
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MedCPT: Zero-shot Biomedical IR Model

PubMed search
logs (2020-2022)

255M relevant
query-article pairs

A

MedCPT QEnc

& In-batch negatives

v

article

18M semantic
query-article pairs

ue ' B
auery MedCPT CrossEnc
article )

Training

[
\

MedCPT DEnc

Rh
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Query / sentence BIOSSES
representation MedSTS
Article RELISH
representation SciDocs
retrieval
| TREC-COVID,
Query-article | NFCorpus, BioASQ,
re-ranking relevance | SciFact, SciDocs
Inference ero-ehiol
evaluation




BioGPT

=P trainining

===% inference [the relation between A and B is R.]

source | prompt target target

==V
-
-
-
\ ————
-
-
-
-

B1oGPT

o~
-~
-~

source | prompt target source | prompt

[text] [we can conclude that] [the interaction between A and B is R.] [text] [we can conclude that]
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DRAGON

Masked LM KG link prediction
Text COrpuS KnOWIedge graph Self-supervised art supplies (round brush, at, hair)
N Objective 4 4
[ LM Head J [ LinkPred Head ]
\ / t t

[INT] If it is not used KG
for hair, a round Retrieval AtLocation
brush is an example of _—
art supplies.

Text

Raw data
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I

Local KG

[INT] If it is not used for
hair, a round brush is an
example of [MASK] [MASK].

Pretrain DRAGON

https://github.com/michiyasunaga/dragon

T . e . m @ . aee -
xM ! —=7 L 4
( Fusion Layer ) @/7, — }
Cross-modal )] | GNr:Layer )
Encoder .-
xN
LM Layer



BioLinkBERT/LinkBERT

e Document relation
e m/) WIKIPEDIA Publ@ed . .
< . prediction (DRP) .
> Contiguous Masked language modeling
A,
MLM
Doc 1 Doc1 segp Doc 1 seg p+1 @ Contiguous ( )
Doc 3 ® Random e A N
>G Random ® Linked Japanese cherry
or Doc1 segp Doc5 segq
Doc 4 Doc 2
Doc 6 & Linked Language Model
or Doc1 segp Doc 3 segq
Doc 5 hyperlink, [CLS] The Tidal Basin .. [SEP] ... [MASK] [MASK] trees [SEP]
reference, etc. Segment A Segment B
Segment A Segment B
Corpus of linked documents Create LM inputs Pretrain the LM
PubMed- BioLink- BioLink-
Model Size Domain Pretraining Corpus Download Link (6 P e P e | PR
1z | ining pu . Named entity recognition
HuggingFace) BCSchem i
- (Lietal., 2016) 93.33 93.75 94.04
BCS-dis_ease (Lietal, 2016) 85.62 86.10 86.39
110M Wlklpedla with I];Ig]ZBCI}-ﬁseage (Dogan etal., 2014) 87.82 88.18 88.76
. P . (Smith etal., 2008) 84.52 84.90 85.18
LinkBERT-base parameters General hyperlinks michiyasunaga/LinkBERT-base INLPBA (Kimetat. 2004 80.06 7903 | 8006
PICO extraction
I . . EBM PICO (Nyeetal., 2018) 73.38 73.97 74.19
340M Wikiped th } ‘
. IKIpedla wi .. . . .
LinkBERT-large General . . michiyasunaga/LinkBERT-large Relation extraction
para meters hyper| inks ChemProt (Krallinger et al., 2017) 77.24 71.57 79.98
DDI (Herrero-Zazo et al., 2013) 82.36 82.72 83.35
GAD (Bravoetal., 2015) 82.34 84.39 84.90
BioLinkBERT- 110M Biomedicine PubMed with michiyasunaga/BioLinkBERT- Sentence similarity } ‘
base parameters Citation Iinks base BIOSSES (Sogancioglu et al., 2017) 92.30 93.25 93.63
Document classification
.. . L. L. HoC (Baker et al., 2016) } 82.32 84.35 ‘ 84.87
BioLinkBERT- 340M . . PubMed with michiyasunaga/BioLinkBERT- - -
| t Biomedicine itati link | Q;ue;ﬁ);i&(‘)nzv(vfn?ﬂg 2019) 55.84 70.20 72.18
arge RETERIEEE e ﬂgg BioASQ (Nemidisctal.r.zol')) 87.56 91.43 94.82
https://github.com/michiyasunaga/LinkBERT BLURB score | 8110 8339 | 84.30




GatorTron

Fine-tuning
------------------------ |mmmmmmmmmm e ———————————— _——
82 Billion GPU-1 | GPU-2
. - ' s " r : ' ( \: s \ ’
e : TrM] -[TrM oMl M) (TeM) =T -
words e R, S R G S S Fine-tuning
R WAV ASRSE AV ANV —_—
: . . \ . - \ A.’- A : E ‘( -“ :,’ -“ .' . :
L M) ’{TrM}' AT T T “| M| Fin.tuning
6 Billion R \ S/ERN A7/ '\ A 4a\ \0 7/ BN & VS :
PubMed — 1 R (AL X eSS 4D 8 S e - 2;‘:‘:,;':::
i N N AN Models
AN A e SA8 W e N v A v TR i
b ) o P\E/ B\ . 7 : [ =/, %\ J °\ ——
v ANV AN SN AN AR
» L 4 \ i N ' ] - ( ™ ~ ™ ’ \ ) )
2.5 Bil- : ‘TrMJ ~|TrM soemTMv = TeM|-—~ | TeM =+ -lTer Fine-tuning
liOﬂ Wiki : | S— S | : : \ s \ 7/ — —
words GPU-4 | GPU-3 :
Distributed training using model parallelism

@

Barcelona

Supercomputing

Center

Centro Nacional de Supercomputacién

https://www.nature.com/articles/s41746-022-00742-2

1. Clinical concept extraction
The patient had a moderately dilated
aortic . ..

2. Drug-Adverse event relations
Thalidomide discontinued secondary to
skin rash .

3. Semantic similarity=0

S1: Patient discharged ambulatory with-
out further questions;

S2: Please contact location at phone
number with any questions

4. Natural Language Inference
"Labs were notable for Cr 1.7" —+ "Pa-
tient has elevated Cr”

5. Question Answering
What lab results shows patient have
diabetes?



PubMedBERT
| Text Source Mixed-Domain Pretraining ﬁ

PublQed
®

Dataset Task Train Dev  Test Evaluation Metrics
BC5-chem NER 5203 5347 5385  F1 entity-level
. D BCS5-disease  NER 4182 4244 4424  F1 entity-level
. D NCBI-disease NER 5134 787 960 F1 entity-level
BC2GM NER 15197 3061 6325 F1 entity-level
& O JNLPBA NER 46750 4551 8662 Fl entity-level
EBM PICO PICO 339167 85321 16364 Macro F1 word-level
ChemProt Relation Extraction 18035 11268 15745 Micro F1
DDI Relation Extraction 25296 2496 5716  Micro F1
GAD Relation Extraction 4261 535 534 Micro F1
BIOSSES Sentence Similarity 64 16 20 Pearson
D D HoC Document Classification 1295 186 37 Micro F1
D D I:l PubMedQA  Question Answering 450 50 500  Accuracy
D Pubmod - D D BioASQ Question Answering 670 75 140 Accuracy
I:] D D D Table 3. Datasets used in the BLURB biomedical NLP benchmark. We list the numbers of instances in train, dev, and test

D (e.g., entity mentions in NER and PICO elements in evidence-based medical information extraction).

—
¥ Domain-Specific Pretraining from Scratch —/

Fig. 1. Two paradigms for neural language model pretraining. Top: The prevailing mixed-domain paradigm assumes that
out-domain text is still helpful and typically initializes domain-specific pretraining with a general-domain language model and
inherits its vocabulary. Bottom: Domain-specific pretraining from scratch derives the vocabulary and conducts pretraining
using solely in-domain text. In this paper, we show that for domains with abundant text such as biomedicine, domain-specific
pretraining from scratch can substantially outperform the conventional mixed-domain approach.




BioBERT

Pre-training of BioBERT Fine-tuning of BioBERT
Pre-training Corpora BioBERT Pre-training Task-Specific Datasets BioBERT Fine-tuning

H B 4 )
Pmeed 4.5B words Named Entity Recognition the adult renal failure cause ...
NCBI disease, BC2GM, ... PO O B I o
PMC 13.5B words \ /

& . . ) (" Variantsinthe @GENES region
Weight Initialization Relation Extraction contribute to @DISEASES susceptibility.

EU-ADR, ChemProt, ...

W » True 4
r 2 r 1< T T
. . . Question Answering What does mTOR stands for?
Pre-trained B'OBE_RT with BioASQ 5b, BioASQ 6b, ... P mammalian target of rapamycin
biomedical domain corpora \_ ) \_ )
Corpus Number of words Domain Model Corpus combination
English Wikipedia 2.5B General BERT (Devlin et al., 2019) Wiki + Books
BooksCorpus 0.8B General BioBERT (+PubMed) Wiki + Books + PubMed
PubMed Abstracts 4.5B Biomedical BioBERT (+PMC) Wiki + Books + PMC
PMC Full-text articles 13.5B Biomedical BioBERT (+PubMed + PMC) Wiki + Books -+ PubMed + PMC
(( ; Barcelona
Supercomputing
Center

Centro Nacional de Supercomputacion

https://github.com/Al-in-Health/MedLLMsPracticalGuide



SciBERT

-

@

£

@)
SCiBERT

Pre-trained on papers
from the corpus of
semanticscholar.org

Background: based on a multilayer bidirectional
Transformer (Vaswani et al., 2017). Trained on two
tasks: predicting randomly masked tokens & predicting
whether two sentences follow each other.
Architecture: follows the same architecture as BERT
but is instead pretrained on scientific text

Vocabulary: BERT uses WordPiece (Wu et al., 2016)
for unsupervised tokenization of the input text.
Corpus: Trained on a random sample of 1.14M papers
from Semantic Scholar (Ammar et al., 2018). Corpus
consists of 18% papers from computer science & 82%
from broad biomedical domain

/ NLP tasks

Barcelona
Supercomputing

B

Named Entity Recognition (NER)
PICO Extraction (PICO)

Text Classification (CLS)
Relation Classification (REL)
Dependency Parsing (DEP)

Center
Centro Nacional de Supercomputacién

https://github.com/allenai/scibert/



ClinicalBERT

Publicly Available Clinical BERT Embeddings .. .
Y 8 Data: clinical text from the approximately 2

Emily Alsentzer John R. Murphy Willie Boag Wei-Hung Weng million notes in the MIMIC-III v1.4 database
Harvard-MIT MIT CSAIL MIT CSAIL MIT CSAIL
Cambridge, MA Cambridge, MA Cambridge, MA Cambridge, MA . L
emilya@mit.edu Jjrmurphy@mit.edu wboag@mit.edu ckbjimmy@mit.edu Tra|ned tWO VarletIeS Of BERT on MIMIC
Di J Tri N Matthew B. A. McD tt nOteS:
i Jin istan Naumann atthew B. A. McDermo . .
MIT CSAIL Microsoft Research MIT CSAIL « Clinical BERT: used text from all note types,
Cambridge, MA Redmond, WA Cambridge, MA HP L _
jindil5@mit.edu tristan@microsoft.com mmd@mit .edu ”nltlallzed from BERT Base

« Discharge Summary BERT: used only
discharge summaries to tailor the corpus to
downstream tasks, initialized from BioBERT.

Model MedNLI 1i2b2 2006 12b2 2010 12b2 2012 i2b2 2014
BERT 77.6% 93.9 83.9 75.9 92.8
BioBERT 80.8% 94.8 86.5 78.9 93.0
Clinical BERT 80.8% 91.5 86.4 78.5 92.6
Discharge Summary BERT 80.6% 91.9 86.4 78.4 92.8
Bio+Clinical BERT 82.7% 94.7 87.2 78.9 92.5
Bio+Discharge Summary BERT  82.7% 94.8 87.8 78.9 92.7

https://arxiv.org/pdf/1904.03323



BlueBERT

Transfer Learning in Biomedical Natural Language Processing: An
Evaluation of BERT and ELMo on Ten Benchmarking Datasets

Yifan Peng Shankai Yan Zhiyong Lu
National Center for Biotechnology Information
National Library of Medicine, National Institutes of Health
Bethesda, MD, USA
{yvifan.peng, shankai.yan, zhiyong.lu}@nih.gov

4.1.1 Pre-training BERT

Our BERT
BERT (Devlin et. al.,, 2019) is a (-:ontextual‘lzed Task Metrics  SOTA* ELMo BioBERT “p o™ 5. ™ [ oe  Large
word representation model that is pre-trained (P) ®+M) (@) (P+M)
based on a masked language model, using bidirec- MedSTS Pearson  83.6  68.6 845 845 848 846 832
tional Transformers (Vaswani et al., 2017). BIOSSES Pearson  84.8 60.2 82.7 89.3  91.6 86.3 75.1
In this paper. we pre-trained our own model BC5CDR-disease F 84.1 839 859 866 854 829 838
paper, we p o BCSCDR-chemical ~ F 933 915 930 935 924 917 9Ll
BERT on PubMed abstracts and clinical notes ShARe/CLEFE F 700  75.6 72.8 754 711 727 744
(MIMIC-III). The statistics of the text corpora on DDI F 729 7895 788 781 794 799 763
) : i ChemProt F 64.1  66.6 713 725 692 744 651
which BERT was pre-trained are shown in Table 2. b F 737 719 729 144 764 733 739
HoC F 815  80.0 82.9 853 83.1 873 853
Corpus Words Domain MedNLI acc 735 714 80.5 822 840 815 8338
oMod ab 2,000 ol Total 78.8 80.5 822 823 815 792
PubMed abstract M Biomedica "
> % L. SOTA, state-of-the-art as of April 2019, to the best of our knowledge: MedSTS, BIOSSES (Chen et al.,
MIMIC-III > 500M  Clinical 2019); BC5CDR-disease, BCSCDR-chem (Yoon et al., 2018); ShARe/CLEFE (Leaman et al., 2015);

DDI (Zhang et al., 2018). Chem-Prot (Peng et al., 2018); i2b2 (Rink et al., 2011); HoC (Du et al., 2019);
Table 2: Corpora MedNLI (Romanov and Shivade, 2018). P: PubMed, P+M: PubMed + MIMIC-III



Fine Tuning General LLMs (Selected subset)

* Med-Gemini Capabilities of Gemini Models in Medicine (Saab et al, 2024.4)

* BioMistral A Collection of Open-Source Pretrained Large Language Models for Medical Domains
(Labrak et al. Arxiv, 2024.2)

* Taiyi: A Bilingual (English& Chinese) Fine-Tuned Large Language Model for Diverse Biomedical Tasks
(Luo et al., 2023.11)

* AlpaCare: Instruction-tuned Large Language Models for Medical Application (Zhang et al. Arxiv,
2023.10)

* MEDITRON-70B: Scaling Medical Pretraining for Large Language Models (Chen et al. Arxiv, 2023.10)
* BioMedGPT/OpenBioMed Open Multimodal Generative Pre-trained Transformer for BioMedicine
(Luo et al. Arxiv, 2023.8)

* ClinicalGPT: Large Language Models Finetuned with Diverse Medical Data and Comprehensive
Evaluation. 2023 (Wang et al. Arxiv, 2023.6)

*MedPaLM 2: Towards expert-level medical question answering with large language models (Singhal et
al. Arxiv, 2023.6)

Barcelona

Supercomputing

Center

Centro Nacional de Supercomputacién

https://github.com/Al-in-Health/MedLLMsPracticalGuide



MedGemini

Self-training with search Uncertainty-guided search at inference

Instruction
Test Question

Search Results Additional context ...

supporting Answer A
Additional context ...
refuting Answer B

Fine-tuning

Uncertainty-guided
search loop

Instruction
Train Questions

Instruction
Train Questions

Search Results Generate search queries to

resolve these conflicts:
CoT (Answer A)
CoT (Answer B)

Confident? No

l Yes

\J

CoT SoTA on MedQA (USMLE)
Answer: A 0 Med-Gemini
Building on Gemini 1.0 and Gemini 1.5
i Multimodal models specialized in medicine j o
Supercomputing
Cente . 50 BioLinkBERT r";mson
Gantro Nacionaldo Supercomputacién Evaluate on 14 medical benchmarks

Mar 22 Oct2z Dec22  May23  Nov23  Mar24




BioMistral

* BioMistral, open-source LLM tailored for
BioMistral: A Collection of Open-Source Pretrained Large Language b|omed|cal doma|n, UtllIZIng M|Stral as |t$
Models for Medical Domains .
foundation model
* Pre-trained on PubMed Central (full text)
* Evaluation on a benchmark comprising 10

Sequence medical question-answering (QA) tasks in
Model Name Base Model Model Type Length Download .
English
BioMistral-7B Mistral-7B-Instruct- Further Pre- 2048 HuggingFace re . . .
w1 trained * For Multilingual generalization of medical
BioMistral-7B- Mistral-7B-Instruct- Merge DARE 2048 HuggingFace L L M S th ey a U tO m atiCa l ly tra n S l a ted &
DARE v0.1 o
evaluated benchmarks into 7 languages
BioMistral-7B-TIES ~ Mistral-7B-Instruct- Merge TIES 2048 HuggingFace
v0.1
BioMistral-7B- Mistral-7B-Instruct- Merge SLERP 2048 HuggingFace
SLERP v0.1

Barcelona
Supercomputing

ey AR https://huggingface.co/BioMistral/BioMistral-7B
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Taiyi

Biomedical NLP Tasks

* @B R(nformation retrieval)

------------------------ ) e e e e ) e e e e e e e e e e e g
: | \ Output a title for the following | : 3 Output the chemical-induced 1
1 f@ 1 1 abstract: | 1 @ disease relations in the following |
1 c ra 1 1 The incidence of diabetes mellitus | 1 1 text: Naloxone reverses the 1
Do you know colchicine? : : : -~ : :
1 ‘ ! 1 has been increasing, prompting the | 1 1 antihypertensive effect of 1
1 c@ : 1 search for non-invasive diagnostic I 1 clonidine. In unanesthetized, I
1 . e L gt ! methods. Although current methods | | ! . spontaneously hypertensive rats | eeeeee
| QueSt'?n Colchicine is a medicati ! ! Title. exist, these have certain limitations, | ! l'“b'ma,t'on the decrease in blood pressure !
IAnswering used to treat gout, a type ! IGeneration such as low reliability and accuracy, | ! | Extraction and heartrate ... !
. of arthritis that causes - difficulty in individual patient ... v ' !
\ joint pain, swelling, ...... 1 \ ‘ :{g A novel approach for diagnosing| | | @ [alpha-methyldopa, hypotensive] | |
1 | 1 diabetes using high-frequency ..... | I o |
< tomad ety cagton Model Training
ot danticndon. “ Standardized data format
2 » coreference resolstion . .
English e e . General Biomedical
corpora g * queston anawerng Domain Domain
4 o mton Bt Instruction- Instruction
® paraphrasing , - estie tunlng data ﬁne_tuning
#(text classification; %
. X PU(sementic matching) e
i  E— iy
3 ® SRE(multi-round dialogue)
corpora V b s Base large Large language

® BN event extraction)
® YURER#(machine translation)

language model

model Taiyi

Machine

Instruction Translation

Instruction: E#IZE FEXABLEN (Please translate the following text into English)
Input text: Coronavirus disease (COVID-19) is an infectious disease caused by the SARS-CoV-2 virus.

Information

-Tuning il

Instruction: According to the given text, output chemical-disease relations between the entity pairs.
Input text: Monkeypox, a zoonotic disease caused by an orthopoxvirus, results in a smallpox-like disease in humans. Since monkeypox in ....

Data
Question
Answering

Input text: Whatis the best treatment for sleep problems?
Output: The best treatment for sleep problems depends on the specific cause of the sleep problem. There are many different factors
that can contribute to sleep problems, including sleep disorders, stress, anxiety, depression, medication, and lifestyle habits. ........

NN AR TN AN NPT M A A 1

Qwen-7B as our pre-trained model




AlpcaCARE

<« Clinician-curated 1. Task instruction generation 2. Filtering
167 seed tasks
topic: Medical Education s Output Tasks .
view: Med School Professor | W& GPT-4|Ifq vo+ask 1 Rouge-L @ ChatGPT
type: Rewrites — ||loutput task 2 _— g — Machine-
difficulty: 1 > 0.7 generated
. . Tasks
instruction: ..
input:..
4. Instruction tuning 3. Response generation
.{ Input Question ]=L.
Q: Provide a brief explanation of the
pathophysiology behind Type 1 Diabetes
|Mellitu.
-{ Output Answer E, <
A: Type 1 diabetes mellitus is a
AlpaCare chronic autoimmune disease
P 4l characterized by the body's inability ..

« Machine-generated medical instruction-fine tuning (IFT) dataset (MedInstruct-52k)
using GPT-4 and Chat-GPT with high-quality expert-curated seed set
@ Barcelona * Then fine-tune LLaMA-series models on it to develop AlpaCare

Supercomputing
Center

s sy oo https://github.com/XZhang97666/AlpaCare



MediTron-70B

Cont. Pretraining Corpus Continued Pretraining Supervised Finetuning Evaluation

At several iterations

(Col' + The answer is A.)
(COT + The answer is B.) @

(COT + The answer is A.)

Task-specific
LLMs M M

PubMedQA  MedMCOA

For an 8-year-old child with
severe fever prescribe...

v

Medical-aligned
LLM %

: | |
I I 1
‘ o | -ali ! -
: (1+]] : Tastk altlgned ‘% ! In-Context Learning
Selection of ﬁ | Ere-tralning corpus : metrtietions You are an expert doctor : What are the symptoms of @
Iarge-scale : : in clinical science and :
medical PubMed | L | medical knowledge ... | What causes seasonal flu ... @
sources Papers & Abstracts ! ! :
| I [ ! What medication should
- ! Dls".'bUted Pretraining ! ‘ ! be prescribed for ... @
— . continued v |
RedPajama : pretraining : Distributed SFT :
Replay data : | finetuning l Chain-of-Thought (CoT)
| | 1
o} : | - ? | You are an o —
! 1 [ expert doctor ... ¢ e—
| 1 1
1 | % | +
. | s ! ! Let’s think step-by-step.
Selection of ! . ~ ! !
, . ! Checkpointing ! !
high-quality g " & perf | |
edical ! & performance M M M ! |
m ~ Medical Guidelines ' monitoring ! ! Self-consistent CoT
guidelines : \ |
I I 1
1 I 1
1 | 1
| | 1
| | 1
| 1 1
1 | 1
I | 1
| | 1

* MEDITRON builds on Llama-2
* Pretraining on PubMed articles, abstracts, medical guidelines
» Evaluations using four major medical benchmark
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BioMedGPT

wWIPO

WaRLD

1,

ECTUAL PROPERTY
IZATION

Biomedical Corpus

BioMedGPT-10B: Multi-Modal Alignment
between Biomedical and Natural Language

Molecule
Encoder

I

BioMedGPT-LM

Instruct
&

Question

Protein
Encoder

Instruct
&

Question

’
|
i
i
i
i
i
1
1
i
1
1
1
i
i
i
1
i
i
i
1
i
i
i
i
i
i
i
i
i
i
1
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i
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1
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i
1
1

BioMedGPT-LM

Downstream Tasks
BioMedical QA

Instruct:

This is a judgment question. Please answer yes, no or
maybe,

Context: Recent studies have demonstrated that
statins have pleiotropic effects, including [...]
Question: Do preoperative statins reduce atrial
fibrillation after coronary artery bypass grafting?

Molecule QA

Instruct:
You are working as an excellent assistant in chemistry
and molecule discovery. Below a human gives the
representation of a molecule. Answer a question about it.
##t# Human:

leHere> </molecule> Please
describe this molecule.
#it# Assistant:
Protein QA
 —
Instruct:

You are working as an excellent assistant in biology.
Below a human gives the representation of a protein.
Answer a question about it.

### Human: <protei proteinHe
What is the function of this protein?

### Assistant:

re> </p

Answer:

Yes.

Answer:

The molecule is a dicarboxylic acid
monoamide that is 5-amino-5-
oxopentanoic acid carrying a hydroxy
group at position 2. It is a metabolite
identified in human breast milk. It has a
role as a human metabolite.

Answer:

Bifunctional serine/threonine kinase and
phosphorylase involved in the regulation
of the phosphoenolpyruvate synthase
(PEPS) by catalyzing its phosphorylation /
dephosphorylation
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Large language
models

Barcelona
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ClinicalGPT

Large-scale and diverse real-world dataset

= %2 Preferred
5 A ‘_: y responses
Online corpus Books and wikis
o~
O
— ﬁ} ) & |
= \ 4
0" o
Medical records Knowledge graphs SFT MOdeI > Reward MOdel

Question answering
Medical examination

Diagnosis suggestion RL Model
Multi-turn conversation

1
—3

1
—3

Medical datasets including cMedQAZ2 (chinese medical question-and-answer
dataset), cMedQA-KG, MD-EHR, MEDQA-MCMLE, and MedDialog, for the
training and evaluation

BLOOM-7B as base model (open-source nature, multilingual support)



MedPalm-2

90 High Quality Answer Traits
Med-PaLM 2
Better reflects consensus . '-
86.5
80 Better reading comprehension =— --
& Better knowledge recall — --
9
© .
é 70 Med-PaLM Better reasoning — -.
< - 67.2 0 20 40 60 80 100
9 GPT 3.5 d
% 60 ,® . .
o ,7"60.2 Potential Answer Risks
S pa More inaccurate/irrelevant information — —_
a BioMedLM ,”
= 4 i i ion [ s |
< 50 DRAGON __ -~ P Omits more information
o BioLinkBERT _ _.e-~ 50.3 ) o
2 e = 47.5 More evidence of demographic bias * -
= -7 45.1
20 PubMedBERT, ~~ . Greater extent of harm | = _—
”
GPT-Neo ’,z’. Greater likelihood of harm | = —_—
- 38.1
& 0 20 40 60 80 100
33.3 o
30 % Responses
Dec 20 Sep 21 Mar 22 Oct 22 Dec 22 Dec 22 Dec 22 Mar 23 Med-PaLM 2 Tie m Physician

» Medical LLM trained using as base model PaLM 2
» Applied instruction finetuning to the base LLM
@ Barcelona » Datasets: MultiMedQA—namely MedQA, MedMCQA, HealthSearchQA, LiveQA and MedicationQA

Supercomputing
Center

o ol MR https://sites.research.google/med-palm/




Medical data sources for Language Models

» Scientific publication abstracts: PubMed (English), SCIELO (Spanish, Portuguese,
English)

» Scientific publication full text papers: PubMed Central (and Semantic scholar)

* Clinical case reports from PMC Patient

* Clinical practice guidelines (CPGs) found in PubMed and PubMed Central

* Clinical Records: mainly in house EHRs as well as accessible datasets like MIMIC-II1/IV
* Medical dialogue datasets (e.g. Meddialog)

* Medical web content / crawler

* Health-related / medical Wikipedia content

* Clinical vocabularies and terminologies UMLS (for SapBERT)

* Biomedical Databases/knowledgebases

Barcelona

Supercomputing

Center

Centro Nacional de Supercomputacién




Mitigating Through Training, Generation, and Retrieval Corrections
Developing Benchmarks for Medical LLMs
| ¥ man taetimts L Revor eromarce

O B
@i

)

Fine-tuning on Specialized Datasets and Exploring Synthetic Data

Model Editing and Retrieval-augmented Generation

9
) g o cenavorvn el Prossonsten

Enhancing LLMs with Fine-tuning, RLHF, and Prompt Tuning

Exploring Causes and Regulations for Al Ethical Concerns

"N T VS s



Model complexity, Uncertain
model behaviors, Proprietary
technology, Diverse stakeholders,
Up-to-date evidence.

Transparency

Intrinsic or extrinsic hallucinations,
Synthesis of contradicting sources

Domain experts for evaluation, Verifiable knowledge
resources, Comprehensive training data

Accountability

Biased assessment of
treatment effect

™
\

Human-computer interaction,
New evaluation metrics,
Provide references.

Safe utilization of LLM-
generated summaries

{5 Integrate human and

generative Al Regulation

e

\ Causality |
¢ / Encourage causal inference,
b / Explicitly define confounders
u B i
Clinical

Evidence
Summarization

I“ -
' :\ Generaliza

bility |

-~

@
6

Generalist or specialist,
Robustness to distribution shift

Develop domain-specific LLMs,

Fairness Increase input text length

Zhang, Gongbo, et al. "Leveraging
generative Al for clinical evidence
synthesis needs to ensure
trustworthiness." Journal of Biomedical
Informatics (2024): 104640.

@ Lack of policies or laws

9 Establish a regulatory framework

and Bias

Data and knowledge bias, Disparate censorship

@ Perform subgroup analyses,



Large corpora for Language Models: Spanish

/Spanish Biomedical Crawled Corpus 745M tokens \ B4
Clinical cases of many specialities 102M tokens E Biomedical MarlA }
Spanish scientific publications ~ 100M tokens
Patents 135 M tokens Spanish spoken by > 572 million people (with 477
\_ Spanish clinical trials 4.1M tokens ) native speakers) and > 900 of romance lanquages

worldwide

A

¥ Hugging Face

Hugging Face is wa morefunw;thfriend’sl;n’dc‘olile; ;Je;!~;‘ Join an organization B V We need to go beyond EngliSh: aII Ianguages
| and also multilingual resources!

PlanTL-GOB-ES 'bsc-bio-ehr-es © ©like 10
@ Fill-Mask 2 Transformers (O PyTorch @ Spanish  roberta ome
AR S AN AN A A AN NN

Model card Files and versions Community
Barcelona

e Pl D
https://huggingface.co/PlanTL-GOB-ES/bsc-bio-ehr-es = ™= & Su, : an TL g; 7,
Plan de impuiso de Las

Biomedical-clinical language model for Spanish — - : . o :\‘

Contro Neconel G Supercomputscds



Clinical NLP components, use
cases and applications
(beyond English)

Barcelona
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Clinical Applications

Medical Decision-Making

Admission to Hospital Screening and

Clinical Coding

)

£
S=F

Chief Complaint: Intermittent chest pain and breathlessness.
il Hours: Overnight observation confirmed
i medication.
Assessment: A 72-year-old male with HTN and DM presented
with cardiac symptoms. Possible ACS and AF are suspected.

Events in Last 24

tachycardia;  condition improved _ with

[t

Clinical Codes
Radiology Report

K35.80
Discharge Summary (Unspecified
Chief Complaint: Acute appendicitis acute
Past Medical History: Hypothyroidism, appendicitis)
controlled with medication E03.9

Discharge Medications: Antibiotics for
postoperative care, continuation of Lev

(Hypothyroidism,
unspecified)

What are the most likely diagnoses? othyroxine L T81.4 (Infection

Discharge Diagnosis: Acute appendiciti Automated following a
ﬁ:ﬁ;? éﬁig;mgiirgnS(Rg)(ome (ACS); @ s with localized peritonitis Coding Syst procedure)
Myocardial Infarction'éMl); oo |- oding System
Pulmonary Embolism (PE)

Medical Robotics
Ultrasound Scanning
LLM

—— Inquiry, Interaction, Instruction <

Multi-Agent Planner for Surgery

= >

Medical Education

Mental Health Support

c ! Natural Language
. ase . .
[ Exam Preparation ] { Study } [ Explanations ] Understa:dmg
Patient: I've been feeling really %}:;,
Scenario ) down.
G i Translation 0
eneration ﬂ% .
, i “Therapist": I'm sorry to hear 20
Question & Answer LLM Practical Problems * that. Can you tell me more? Ea

Barc H_, Natural Language
Supe [, lized Stud Tutori Answer Generation
Cent ersonalized Study utoring Assessment Patient: | feel like I'm not good enough...

Centro vacionar e Supercomputacion

https://github.com/Al-in-Health/MedLLMsPracticalGuide

Translation to Other Language

Clinical Report Generation

Text Summarization

=5 4

Generation with Medical Images

e

LLM

Findings: Hyperlucent
hyperinflated lungs with flattened
diaphragms. Gra 3s. Small
sized heart. Minimal apical capping
slightly greater at the left.
Indication: Pressure left-sided face

Medical Language Translation

@gl

Translation to Lay Person

Medical Inquiry and Response

lnquirx . Interaction
SV X S
Response Review

| was hospitalised for an acute exacerbation of COPD and am now
stable and ready to be discharged. What should | pay attention to
at home? What can | do to prevent future exacerbations?

Attend follow-up appointments regularly to monitor your
condition; Exercise moderately (e.g., walking, tai chi), but
avoid overexertion; Get vaccinated against influenza and
pneumonia to prevent infections; Avoid exposure to irritants
like smoke and dust, keep indoor air well-ventilated; If
symptoms worsen, seek medical attention promptly.



Named Entity Relation Entity Text

Recognition Extraction Normalization Classification
Clinical NLP
tasks
Language Sentence Abbreviation PoS Tagging
Detection Segmentation Spell Checker Resolution and Parsing
. Clinical text Esto es un I1%]
preprocessing sin error v T[h
para Intravenous
infusion tosuars
Text Machine Data Semantic Text Question
Summarization Translation Augmentation Similarity Answering

‘ Others

Barcelona
Supercomputing
Center

Centro Nacional de Super




Data augmentation using Generative Al

A 54-year-old male who had a medical history of membranous nephropathy II with nephrotic syndrome was administered
with long-term oral glucocorticoids and immunosuppressants. The patient had a 20 pack-year history of smoking, and
denied a family history of hereditary diseases. Chest x-ray demonstrated normal findings at one month before
admission. On August 8, 2016, the patient was hospitalized for fever accompanied by progressive dyspnea, cough,
and expectoration for 5 days. On admission, the BMI of the patient was 24.5 kg/m2, and his body temperature was
39.0°C. Furthermore, the patient had symptoms of tachypnea (35 bpm) and severe hypoxemia (Sa02 86%). On
auscultation, the patient had good air entrance bilaterally with scattered diffuse crackles and rhonchi.
Furthermore, the chest CT scan revealed multiple ground—-glass opacities, and laboratory tests revealed normal
white blood cell (WBC) count, but with elevated neutrophil count, C-reactive protein (CRP), erythrocyte
sedimentation rate (ESR), and (1-3)-B-D-glucan. The patient was diagnosed as RSV infection on the fourth day of
hospitalization when positive RSV-Ab was detected.

On admission, the patient was immediately given respiratory monitoring and supplemental oxygen to improve the low
oxygen saturation, as well as antibiotics (moxifloxacin for 4 days, followed by cefminoxine for 8 days), and
antifungal therapy (voriconazole for 10 days). The dose of the glucocorticoids and immunosuppressants remained
largely unchanged. After 10 days of treatment, the patient's condition became worse. Chest CT revealed the
progression of the disease, and oxygen partial pressure was further decreased. The patient was transferred to the
Emergency Intensive Care Unit, where the patient was intensively treated, including noninvasive mechanical
ventilation, broad-spectrum antibiotics (i.v. meropenem, oral moxifloxacin, and cotrimoxazole), antifungal therapy
(micafungin), corticosteroids (methylprednisolone 40 mg bid iv) to relieve the inflammation, and other supportive
treatment. Ganciclovir was also prescribed due to a possibility of viral infection, such as cytomegalovirus. Five
days later, the patient's condition was further aggravated based on the chest x-ray evaluation. Despite receiving
another round of treatments, including invasive ventilator-assisted ventilation therapy, methylprednisolone (80 mg
bid), antibacterial agents (cefoperazone sulbactam, tigecycline, and cotrimoxazole) and antifungal (micafungin)
therapy, the patient eventually died after 2 days.

Supercomputing
Center
Centro Nacional de Supercomputacion

Original case report in English



Version of case report as Discharge Summary (1)

xkPatient Name:xx [Insert Patient Name]
x*Medical Record Number:xx [Insert MRN]

*kDate of Admission:x* August 8, 2016

*+Date of Discharge:xx [Insert Date]

xkAttending Physician:xx [Insert Physician Name]

sxFinal Diagnosis:*x Respiratory syncytial virus (RSV) infection with progression to respiratory failure and
subsequent death.

xkHistory of Present Illness:kx

A

54-year-old male with a known history of membranous nephropathy II associated with nephrotic syndrome,

maintained on long-term oral glucocorticoids and immunosuppressants, was admitted with a 5-day history of fever,
progressive dyspnea, cough, and expectoration. The patient had a 20 pack-year history of smoking and no

significant family history of hereditary diseases. A chest x-ray one month prior to admission showed normal
findings.

s*xPhysical Examination on Admission:sxx

*kBMI:xx 24.5 kg/m?

*xTemperature:xx 39.0°C

x*kRespiratory Rate:xx 35 bpm (tachypnea)

*x0xygen Saturation (Sa02):xx 86% (severe hypoxemia)

*kAuscultation Findings:s* Bilateral air entry with scattered diffuse crackles and rhonchi.

sxLaboratory and Imaging Findings:*x

*kChest CT Scan:x* Multiple ground-glass opacities.

*kLaboratory Tests:xx

- Normal white blood cell (WBC) count.

— Elevated neutrophil count.

- Elevated C-reactive protein (CRP), erythrocyte sedimentation rate (ESR), and (1-3)-B-D-glucan.
*kRSV Diagnosis:** Positive RSV-Ab detected on the fourth day of hospitalization.



Spanish Version of case report as Discharge Summary (1)

sxkNombre del Paciente:xx [Insertar Nombre del Paciente]
skNUmero de Historia Clinica:**x [Insertar NUmero de Historial
*kFecha de Ingreso:xx 8 de agosto de 2016

sxxFecha de Alta:xx [Insertar Fechal

xkMédico Tratante:xx [Insertar Nombre del Médico]

sxxDiagnéstico Final:xx Infeccidén por virus respiratorio sincitial (VRS) con progresién a insuficiencia
respiratoria y fallecimiento.

xxHistoria de la Enfermedad Actual:sxx

Paciente masculino de 54 afios con antecedentes de nefropatia membranosa II asociada a sindrome nefrético, bajo
tratamiento con glucocorticoides orales e inmunosupresores a largo plazo. El paciente fue ingresado con un cuadro
de 5 dias de evolucién de fiebre, disnea progresiva, tos y expectoracién. Antecedente de 20 paquetes—afio de
tabaquismo y sin historia familiar significativa de enfermedades hereditarias. Una radiografia de térax realizada
un mes antes del ingreso mostrdé hallazgos normales.

sxkxExamen Fisico al Ingreso:xx

— %xIMC:%k 24.5 kg/m?

- *xxTemperatura:xx 39,0°C

- xkFrecuencia Respiratoria:** 35 respiraciones por minuto (taquipnea)

- **Saturacion de Oxigeno (Sa02):x* 86% (hipoxemia severa)

— sxAuscultacidn:xx Entrada de aire bilateral con crepitantes y roncus dispersos.

sxxHallazgos de Laboratorio e Imagenes:xx
— %xkTAC de Térax:*x Miltiples opacidades en vidrio esmerilado.
- *xPruebas de Laboratorio:*x
- Recuento de leucocitos (WBC) normal.
- Neutrofilia.
- Elevacioén de la proteina C reactiva (CRP), velocidad de sedimentacién globular (VSG) y (1-3)-B-D—glucano.
- *x*Diagndstico de VRS:*x Deteccién de anticuerpos contra VRS (VRS-Ab) en el cuarto dia de hospitalizacion.



Data Augmentation: synthetic texts

Original clinical case report

r————,
Anamnesis
(oncology)
SINTOMA SINTOMA SINTOMA SINTOMA
—_— e . - - - -
Paciente mujer de 57 afios que acude a Urgencias por presentar un cuadro clinico d¢ desorientacién témporo-espacial Jtendencia al suefioj lenguaje incohererte, descoordinacién motora y
. =
pérdida de control de esfinteres de horas de evolucion. Niega pérdida de conommlento disminucién de fuerza o sensibilidad, aItefamones enla marcha (salvo enlentecimiento de la misma), ingesta de alcohol u otros
l l
[HUMANO ENFERMEDAD ENPERMEDAD] (ENFERMEDAD 5 .'
téxicos. La paciente no tiene alergias conocidas ni antecedentes personales de interés, salvo dcsllpemla y osteoporosis tratada con supleme;ntos de calcw vitamina D y amdo ibandrénico. Fumadora de 10
.
:[! :E!l[:] : :
NFERMEDAD ZXJH (SINTOMA]  (ENFERMEDAD] .+ [HUMANO) - SINTOMA] HUMANO]
v—JH —_——
cigarrillos/ dia y bebedora muy ocasional de una cerveza. Entre sus antecedentes famlllares , Sk *padre fallecié por caush tumoral, aun,que1a paciente no recuerda el primario, y un hermano fallecié en la infancia
,,,,, _ o ,‘ o
NFERMEDAD 0 N *
—_—— &/ & .'
- & o
por leucemia. : K s
» . N
. x .
. . . o
Re-written clinical case report (oncolagy)
L] L] n
Antecedentes H . :
L] - [ ]
Y A4 Y
[SINTOMA) [SINTOMA] [SINTOMA| [SINTOMA
LU ey ) ! CBNIOMR j . OB |} L - I
Una mujer de 57 afios se presenta en Urgencias con sintomas de] desorientacién temporal y espacial  somnolenciaf discurso incoherente, falta de coordinacién motora y pérdida de control de los esfinteres durante
[SINTOMA] FS"TO_K]I TOM [SINTOMA] M@_’ [ENFERMEDAD ENFERMEDAD] (ENFERMEDAD)
P eSS

varias horas. Niega pérdida de conocimiento, debnhdad cambios en la marcha (excepto por lentitud), consumo de alcohol u otras drogas. No tiene alergias conocidas excepto dislipemia y osteoporosis tratada con

HUMANO | [HUMANO]
FARMACO JFARMACO FARMACO HUMANO) ENE) ENFERMEDAD]  [HUMANO)
e e

— —_——
calcio, vitamina D y &cido ibandrénico. Fuma 10 cigarrillos al dia y bebe cerveza ocasionalmente. En sus antecedentes familiares, su padre falleci6 de cancer y un hermano de leucemia en la infancia.

Barcelona

Supercomputing

Center

Centro Nacional de Supercomputacién




Data Augmentation: synthetic noisy texts

Version of clinical case report (oncology) with grammar, typography and orthographic errors

PROCEDIMIENTO
4| Exploracién fisica 4| Explracén fisica
HUMANO SINTOMA SINTOMA]
E N il - - == =
5| A su llegada a Urgencias, la paciente presenta regular estado general. Afebril, con 5| A su llegda a Urgncs, la pacnt presnta reglar estdo gral. Afebrll cn buens constantes.
~ [SINTOMA] Y cena
[SINTOMA] [SINTOMA [SINTOMA]| =1 - |
) 1O NTOI ) TC ! ‘ I
buenas constantes. Bien hidratada, nutrida y perfundidal Exploracién cardiopulmonarfanodina. El Ben hidrata, nutrda y prfundidg. Explracén cardpulmonar arfodna. El

o -
B [SINTOMA] - ) ) ) ) abdmen es bindo, depresble, doloroso a b palpacén en el epigastro.|Se plpa hepatomegalia a expnsas d
abdomen es blando, depresible, doloroso a |2 palpacion en el epigastrio S8 balpaHepafohdepafid 4= = = %= """ === nmemmnunmannaunnun=s .
16bul izgierdo a dos traveses d dedo, cn prcus6n mat en esta zona. Ruidos hidroaérré;:onsewados'. Sin

-
expensas del I6bulo izquierdo a dos traveses de dedo, con percusién mate en esta zona. e . - P — s
defnsa abdominal ni signos d irrtaén peritoneal. Miembrs inferiors sin edems, sin signos

SINTOMA
Ruidos hidroaéreos conservados. Sin defensa abdominal ni signos de irritacion peritoneal. ,7—,‘
NFERMEDAD [ENFERMEDAD) [SINTOMA]
d insuficncia venosa crénca ni d trombosis venosa profunda. Pulsos periférics presnts y simétricos.
Miembros inferiores sin edemas, sin signos de insuficiencia venosa crénica ni de
(EINTOMA) _(EHEENE _ CNDNR 2 GNP
[SINTOMA] Neurolégicmnt, conscint y orientda en persona, no asi en espacio ni tiempo. Bradipsigica, cn

trombosis venosa profunda. Pulsos periféricos presentes y simétricos. Neurolégicamente, consciente y

INTOMA SINTOMA SINTOMA
SINTOMA| SINTOMA INTOMA (ENFERMEDAD) NFERMEDAD

SINTOMA SINTOMA SINTOMA lenguaj enintecido y discurson incohrnte. Nomlnay rept. Sin aer|as hemlnegI|C|a ni extincon.
orientada en persona, no asi en espacio ni tiempo. Brad|p5|qU|ca con lenguaje enlentecido y
— 7—W! e SINTOMA
SINTOMA [SINTOMA] [SINTOMA] [SINTOMA] PROCEDIMIENTO B SINTOMA = ENFERMEDAD
discurso incoherente. Nomina y replte Sin ap[a)qas hemlneghgencua ni ext[nuon Lyanananamssnans > Campimetria por contrntacién normdl. Pupilas isocrércas y normorreactivas; ausnca d nistagmo.
SIRTOE SINTOMAL J/ [SINTOMAJ SINTOMA
[ SINTOMA ] e e
PROCED]| TO ENFERMEDAD Pares craneles normales. Sin signos d irtaén meningea. Fuerza y sensiblidad consrvaas y simétricas. No
Campimetria por confrontacién normal: PUpildsTiSocéricas y normorreactivas; ausencia de nlstagmo
SINTONA, SINTOMA SINTOMA] SINTOMA| SN PROCEDIMIE - INTOMA)
U — B :ROCEDIMIENTO g !
Pares craneales normales. Sin signos de irritacion meningea. ismetria ni disdiadococinesia. Reflejos osteotendinosos normles, cn refl}o cutaneo-| plantar flexor bilatrl.
PR
SINTOMA SINTOMA] ~ [(SINTOMA] SINTOMA SINTOMA
Fuerza y sensibilidad conservadas y SiEhcas. No HiSThetia ni HicaiEdocoaneEsa. Destaca en la explracén la presnci d asterixis en Is miembrs supriores, cn alguna mioclonia. esponténea

aislda.

SINTOMA!




Data Augmentation: synthetic cross-language strategy

Translated versions of clinical case report

r Hombre de 72 afios con alergia a penicilinas, hipertension arterial, ex fumador desde hace 20
:anos y con un stent coronario desde 1986, acude a Urgencias en agosto de 2009 por disartria 'y
Edebilidad en extremidades izquierdas de inicio repentino. Refiere dolor dorsal izquierdo de dos
Emeses que no mejora con carbamazepina. Es diagnosticado de accidente isquémico transitorio y
* hospitalizado para estudio.

Exploracion fisica

Consciente, orientado, afebril, sin soplos carotideos, EVA: 9. No adenopatias palpables.
Normocardia y normoventilacion. Abdomen blando, sin masas ni megalias. Extremidades
inferiores sin edemas, sensibilidad y fuerza conservadas.

Pruebas y Diagndstico

Hemograma con anemia leve. ECG con onda T negativa. Eco-doppler carotideo muestra
ateromatosis sin estenosis significativa. TC revela diversas alteraciones, incluyendo masa adrenal,
lesiones dseas y atrofia cerebral. Biopsia adrenal confirma carcinoma.

Tratamiento y Evolucién

Inicia quimioterapia. Se controla dolor con analgésicos y radioterapia paliativa. Presenta
episodios de accidente isquémico transitorio. Desarrolla deterioro general y melena, sugiriendo
hemorragia digestiva. Se opta por cuidados paliativos y suspenden anticoagulantes. Fallece por
fallo multiorganico debido a sepsis y enfermedad oncoldgica avanzada.

ELLLLEERLTTTT N

Medical History

A 72-year-old man with penicillin allergy, hypertension, a former smoker for 20 years, and a
coronary stent since 1986 presents to the Emergency Department in August 2009 with sudden
onset dysarthria and weakness in the left extremities. He reports left dorsal pain for two months
not relieved by carbamazepine. He is diagnosed with a transient ischemic attack and hospitalized

for further evaluation.

Anamnese

Ein 72-jahriger Mann mit Penicillinallergie, Hypertonie, ehemaliger Raucher seit 20 Jahren und
einem Koronarstent seit 1986 kommt im August 2009 mit pl6tzlicher Dysarthrie und Schwéche in
den linken Extremitéten in die Notaufnahme. Er berichtet tber seit zwei Monaten bestehende
Schmerzen im linken Riicken, die nicht durch Carbamazepin gelindert werden. Er wird mit einer
voriibergehenden ischdmischen Attacke diagnostiziert und zur weiteren Abklarung ins

Krankenhaus eingewiesen.

Antécédents médicaux

Un homme de 72 ans, allergique a la pénicilline, hypertendu, ancien fumeur depuis 20 ans et
porteur d'un stent coronarien depuis 1986, se présente aux urgences en aot 2009 avec une
dysarthrie soudaine et une faiblesse des membres gauches. Il signale des douleurs dorsales
gauches depuis deux mois, non soulagées par la carbamazépine. Il est diagnostiqué d'un accident

ischémique transitoire et hospitalisé pour des examens complémentaires.

Q\v Centro Nacional de Supercomputacién
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Labeling is a human-machine
collaboration

LLMs should be able to reference and follow the labelling
instructions like humans

Barcelona
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Centro Nacional de Supercomputacién
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Critical aspects for Corpus construction

Document
Selection

Annotation Annotation
granularity Format

CORPUS
HALLMARKS

Corpus
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Predictions

Annotation
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Data annotation pipeline

Problem definition & data selection

' Annotation guideline definition

®

Manual annotation I

Model training

Data integration, analytics,

predictive models

Barcelona

Supercomputing

Center

Centro Nacional de Supercomputacién

e Search of a "*knowledge gap”
e Definition of use cases
e Discussion with potential end users

e Selection of relevant reports (often semi-

manual or meta-based)

Two typical scenarios:

A. Exhausitive extraction of a predefined list

of clinical variables

B. B.Large scale data structuring using NLP
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Data annotation pipeline

Problem definition and document

selection

' Annotation guideline definition

®

Manual annotation I

Model training

Data integration, analytics,

predictive models

Barcelona

Supercomputing

Center

Centro Nacional de Supercomputacién

Written protocol on how to label data

Input of experts (e,g, doctors, linguists,..)
Continuously refined during data annotation
Important for quality control, reproducibility,
consistency and interpretability

Also mapping to controlled vocabularies for
data harmonization/normalization &
interoperability

Controlled vocabularies: SNOMED CT, MeSH,
|ICD10, Human Phenotype ontology, ESCO,..
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Diseases

DISTEMIST

Guias DISTEMIST:
Anotacién y normalizacién de
enfer en textos clini

Places

Guias MEDDOPLACE:

de

lugares e informacién relacionada
en textos clinicos

V1 [Marzo 2023)

Species

UvingNER

Guias LivingNER:

anotacién, normalizacién y clasificacién de
especies, seres vivos y

annotation,
and infectious diseases)

See: https://zenodo|org/communities/medicalnip

Clinical procedures

MedProcNER
Gulas MedProcNER/ProcTEMIST:
Anotacién y normalizacién de
procedimientos en textos clinicos

V1 Marzo 2023]
AuToRes

Euialia Farré Masksell [Barcolona Supercompating Centar

Salvadar Lima Lopez [Barcolona Supercompating Center]
Excanas enter)
Martin Krallinger (Bascelona Supercomesting Center

@5 M@
= [ TN \/

3% astudio ha 5430 16alzado dentro del SMDEo del Plan de IMpuso de kas Tecnalogias dal

Barcelona
Supercomputing

Center

Carin HANNS 29 SOOI

MEDDOPROF: Identificacién de Profesiones y
Ocupaciones en Casos Clinicos

Guias de anotacién

Plan de Impuiso de las Tecnologias del Lengusje

[E. Farré-Madust, M. Krallnger, A. Meanda, S. Lima, M. Agdero]'y (V. Briva-igesias]’

Profession/occupation

Plan TL @

Guias de de inf de salud

Plan de impulso de las Tecnologias del Lenguaje

errete’, Jesds .

Enrique Mota®,

2 Agirre!, Marta Villegas*,
Martin Krallinger**

2indizen Tochnologes
2 Hospital Universtario 12 de Octubre”
3 Centra Nacional de investigaciones Oncolégicas

2 Centro Naconl de Supereomputacién

10-2018

Anonymization

Plan

&= w

GUIA DE ANOTACION Y NORMALIZACION DE COMPUESTOS QUIMICOS

Plan de impulso de las Tecnologias del Lenguaje
Obdulia Rabal
Ander Intxaurrondo
Martin Krallinger

Julio 2018

Chemicals, drugs,
genes, proteins

GUIA DE ANOTACION DE
MORFOLOGIAS NEOPLASICAS

Junio 2020

Versién 1.3

Autores
Eulalia Farré
Gloria Gonzélez
Martin Krallinger
Toni Mas
Antonio Miranda

Tumor morphology




Data annotation rules/citeria

[G5] Las menciones que incluyan algun tipo de error ortogréfico (por
[EN-N3] No se deben incluir dentro de la mencion modificadores ) ) ; . i
[errores- ejemplo: letras de mas o de menos, espacios incorrectos) también
seve”dad . . W " o“ " o " 2 g
[ ] relacionados con severidad: “fatal”, “severo”, “leve”, ... ortograficos] dabenaRotares.
[ejempilos] [ejemplos]
88. Lo trasladaron con el diagnostico de neumonia tuberculosa severa 4, Heptitis B (Hepatitis B)
Lo trasladaron con el diagndstico de neumonia tuberculosa severa 5. Poliomelitis vacunal (Poliomielitis vacunal)
6. Osteo mielitis (Osteomielitis)
[EN-N4]

. No anotaremos patologias oncoldgicas de causa infecciosa.
[patologia-onco]

G6
[I b] Todas las menciones deben estar compuestas por palabras enteras.
--------------------------------------------------------------------------------------------------- alabras-
[ejemplos] c[gmpletas] No se pueden anotar palabras a medias.

89. Por positividad a HHVS8 se establecio el diagnodstico de Sarcoma de Kaposi )
[ejemplos]

clasico.
7. Absceso laterocervical
90. ..linfomas con la estimulacion antigénica cronica por otras infecciones como H.

pylori, VEB 0 VHHS Absceso laterocervical
ylori, ;

* Annotation rule type; General, Positive, Negative, linguistic, normalization
e Eachrule: unigue Id, short name, description/definition, examples

* lterative guideline refinement, versioning, introduction, required expertise or

(@ Barcelona annotators

Supercomputing

Center . . . . .

ceniro Nacional de supercomautacion @ Translation to other languages: English, Italian, Dutch, Swedish, Romanian, Czech



Biomedical NER

datasets
/INeEl [BG2
Disease

Gene

Y-

Examples of generated instructions

mstruction’: "Given a sentence extract disease
entities from it by highlighting them with <mark> and
</mark>. If notpresent outputthe same sentence."”,

mput”:" Clustering of missense mutations in the
ataxia-telangiectasia ...",

output':" Clustering of missense mutations in

the <mark> ataxia-telangiectasia <'mark> _.."

Instruction dataset

\ S
> Instruction
Convert to instruction tuning
demonstrations »
BCSCDR
\ == ) Base LLM
LaMA 7B
Examples from NER datasets ¢ \a )

I?CBI 0288106 Clustering of missense mutations in the J"‘
ease W\

<category="Modifier" >ataxia-telangiectasia</category> ...

BCSCDR

Chanay 354896t Lidocaine-induced cardiac asystole.

354896 a Intravenous administration of a single 50-mg ...

354866 0 O Lidocaine Chemical DO008012

354896 18 34 cardiac asystole Disease D006323

Evaluate
performance on
test set

BioNER-LLaMA

Evaluate
generalizability
on other NER

datasets

BC2 O\

Gene

/” NcBl

Disease

BC5CDR
Chemical

N Y,
TR

Gene

B g

NLM
Chem

N,




Data annotation pipeline

Problem definition and document

selection

' Annotation guideline definition

@

Manual annotation I

Model training

Data integration, analytics,
predictive models

Barcelona

Supercomputing

Center

Centro Nacional de Supercomputacion

Parallel annotations and inter-annotator
agreement

Use of pre-annotations to bootstrap
manual annotation

Intermediate model training for better
pre-annotations and validation

Most expensive in terms of time and
effort
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Data annotation pipeline

Problem definition and document

selection

' Annotation guideline definition

®

Manual annotation I

Model training

Data integration, analytics,

predictive models

Barcelona

Supercomputing

Center

Centro Nacional de Supercomputacién

Structuring of clinical content
Open source as part of shared tasks
Results for content classification,

advances semantic search applications,

features for predictive modelling,
generation of knowledge graphs from
text,.
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Clinical NLP processing of patient records

Hospital Universitari

GOAL: Structuring of written clinical reports

R 2. Iterative Al refinement 3. Results

INPUT DATA

Clinical records + Clinical cases
Discharge summaries (3308)
Clinical course (4538)
Radiology reports (3676)

Death reports (13)
. Transfer reports :
: COVID Clinical Variables (Hospital Clinic)

e, g : “tag a little, train a little”

Baseline model / \ Structured
Pre'trfcigggif:g:c;locdoer;cept Improve baseline model by H(::-alth.Rfecords
(Transformer-based NER), with clinical

normalization Annotating more data

® Improve data generation protocol for Al refinement va rlables from
e Adaptation of Guidelines .
® Better document selection Hospltal
® Annotation of samples together with hospital prof.

Baseline result

@ 45560 clinical terms

mapped to COVID clinical

variables System modifications mp—r—
® 75% of clinical variables are o NER improvement (post-processing "El paciente tiene "El paciente tiene
covered . 2 fiebre, no disnea, fiebre, no disnea, Affirmed | Negated |Uncertain
transformers, embeddings, attention layers) sospecha de sospecha de
e Mapping improvement (dep learning-based COVID-19" CoviD-19" fever | dyspnea |COVID-19
entity grounding techniques) — ’ —

Barcelona

Supercomputing

Center

Centro Nacional de Supercomputacién



Clinical expert/linguist correction

Text Selection and Preparation (BSC) Correction (Clinic-BSC)
Semi-manual document selection by BSC

using documents with different properties ~ The annotated documents are used to
(pre-annotation frequency, doc. length) and improve the baseline model and generate
special focus on concepts requested by HC new pre-annotations for next stage

Eupneico en reposo saturando 96% con FiO2 31%. /| Eupneico en reposo saturando 96% con FiO2 31%.

3| Piel y mucosas palidas, hipoperfundidas con frialdad distal. 3| Piel y mucosas palidas, hipoperfundidas con frialdad distal.
_ Coeomom)

9/ Regular estado general. Regular estado general.

Annotation Sessions
Pre-annotated text (clinical expert) Pre-annotated text
I 4 + manually annotated and reviewed

Il + additional classes classification

v !

N

Annotation
Guidelines
Refinement
+
Addition of
Extra Attributes

ety PlanTL (@B

Guia de anotacién de conceptos y entidades nombradas

Individual Annotations

Annotation tool training for IAA

médicas/SINTOMAS

Plan de impulso de las Tecnologias del Lenguaje

Vi

AUTORES

Centro Nacional de Supercomputacion
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Extracted disease mentions: Hospital Clinic of Barcelona reports

# of tokens  Extracted diseases mentions

Type of
report

model initial

Discharge 5333
summary

5064727

Exitus reports 23 4946

Clinical course 6085 46614881
Radiology 5637 659618
reports

Transfer 1021 277184
reports

W(n T UE SUpST CONTaECTonT

64764
neg: 20%
spe: 11.6%

213
neg: 6.6%
spe: 6.6%

241232
neg: 8.2%
spe: 5.8%

29595
neg: 18.9%
spe: 14.6%

4877

73505

neg: 18.5%
spe: 10.4%

224
neg: 5.8%
spe: 6.7%

345933
neg: 6.5%
spe: 4.4%

32292
neg: 19.3%
spe: 13.3%

6208

Unique diseases names Example
model initial retrained
ENFERMEDAD)
15651 21164 . i
Se orienta como neumonia bilateral
Snomed CT ID: 407671000
167 181 ENFERMEDAD
secundario a neumonia bilateral por
Snomed CT ID: 407671000
38755 44255 7 7
. Bronquitis cronica
Snomed CT ID: 63480004
I
7519 7553
Mujer de 70 afos, con ingreso prolongado por neumonia
Snomed CT ID: 233604007
|
1678 2039

ENFERMEDAD]

9
new diseases detected

ENFERMEDAD)  |ENFERMEDAD]

rome depresivo, hipotiroidismo, bronquitis cronica,




variability across time

Issues

Ranking of entities (e.g, hidroxicloroquine) and frequency over time
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Automatic clinical entity detection > 40 entity clases

Clinical information:
[ENFERMEDAD)] [ENFERMEDAD | [FARMACO [T « Symptoms
Varon de 50 afios, transportlsta de allmentos empaquetados Exfumador, hipertenso en tratamiento con Enalaprll sin ymp

* Diseases
INsco) [ENFERMEDAD) e Procedures
otros antecedentes de interés o habitos toxicos. Ingresa por cuadro de 4 dias de evolucién de astenla hlporeX|a dlspep5|a cefalea mlalglas . Drugs
SlNTOMA * Organisms
INEg) [ Nsco | [NEG) [Nsco]  [orG_vIvo) INEG]
prurlto colurla y acolla Nlega fiebre. Nlega consumo de drogas, productos de parafarmacia, setas silvestres o nuevos farmacos. Niega * Tumor morphology
* Chemicals& proteins
= INSCO| _ it
Presentamos el caso de una muler de 38 afios, sin antecedentes personales ni famlllares de interés y de profesion pescadera desde
Linguistic modifiers:

los 17 afios. Acude a urgencias por un cuadro de prurito generalizado y lesiones habonosas conﬂuentes por todo el cuerpo precisando dosis altas | ® Negation

PROCEDIMIENTO|  [PROCEDIMIENTO * Speculation

de corticoides y antihistaminicos para su cese. Un mes mas tarde vuelve a reproducirse idéntica sintomatologia, acompafiada ademés en esta |* Temporality

SINTOMA SINTOMA FARMACO PROCEDIMIENTO ORG_VIVO

— —_— & 3
ocasioén de poliartralgias y rigidez, sobre todo en rodillas y tobillos, con buena respuesta a indometacina. En la anamnesis, la paciente referia

BN B Sociodemographic information:
AF: Hermano fallecido a los 35 afios por IAM . Locations
[SEXO-SUJETO-ASISTENCIA|  [EDAD-SUJETO-ASISTENCIA] .
[oare vy m—— AcE ] sinrovs VT * Occupations
Enfermedad actual Va{;én de 42 afios que presenta cuadro de dolor eplgastnco y precordlal opreswo asociado a corte]o vegetatlvo de 3horas de duracion. | o TOXi C ha bltS

ENFERMEDAD PROCEDIMIENTO

El mes previo habia presentado un cuadro de sinusitis tratado con antibiético.

Sensitive data

FAC PROCEDIMIENTO
Ante la clinica que presenta, acude a su centro de salud, donde realizan un ECG.




From unstructured...

ANTECECEDENTES

Recién nacido pre-término (RNPT) de 32 semanas de gestacién (SG), peso al nacimiento 1.740 g (P50-P75), ingresada en UCI
neonatal. Desde el nacimiento presenta crisis mioclénicas que llegan a status epiléptico, asociadas a taquicardia, hipertension,
hipertermia y quejido sin distrés, acompafnadas de un patron de brote/supresion en el electroencefalograma integrado por amplitud
(EEGa).

ANTECEDENTES OBSTETRICOS: Padres cosanguineos (primos hermanos). 3 embarazos previos, de los cuales 1 resulté en
aborto. Antecedente de hermano prematuro (26+6 SG) fallecido a los 22 dias por sepsis hosocomial, presentando en primeros dias
de vida anemizacién gradual con necesidad de transfusion.

Hermana sana. Ingreso a las 29 SG por oligoamnios grave y febricula, descartandose rotura prematura de membranas. Maduracion
pulmonar completa. Remitida al Hospital San Cecilio de Granada con 29+5 SG por sospecha ecogréafica de anemia fetal severa con
alteracion del doppler, realizandose transfusion fetal (Hb pre = 9,5 g/dL; Hb post = 15 g/dL) y tomandose muestra fetal para cariotipo,
fenotipo eritrocitario y PCR de CMV y Parvovirus. Revalorada con 31+4 SG en dicho centro ante nueva sospecha de anemia fetal
grave con sospecha de hemorragia feto-materna, sin indicacién de nueva transfusion. Cesarea electiva a las 32 SG por riesgo de
pérdida de bienestar fetal. Nace con escaso esfuerzo respiratorio precisando CPAP para traslado a la UCI neonatal.

Barcelona
@ Supercomputing
Center
Centro Nacional de Supercomputacién 68



... to structured clinical content

Each mention is linked to an ontology entry (normalized)

> 45 semantic classes/entity types (incl. negation, temporal expressions, symptoms,..)
ANTECECEDENTES

SNOMED

International

-
Recién nacido pre-término (RNPT) de 32 semanas de gestaaon (SG) peso al nacimiento 1.740 g (P50-P75), ingresada en UCI neonatal Desde el nacimiento presenta crisis miocl6nicas que llegan a
[ENFERMEDAD | [ENFERMEDAD) - (Nsco] PROCEDIMIENTO

status eplleptlco asociadas a taquicardia, hipertension, hlpertermla y quejido sin distrés, acompafiadas de un patron de brote/supresion en el electroencefalograma integrado por amplitud (EEGa).

SINTOMA
e bak %
ANTECEDENTES OBSTETRICOS: Padres cosanguineos (pnmos hermanos) 3 embarazos previos, de los cuales 1 resultd en aborto. Antecedente de hermano prematuro (26+6 SG) fallecido a
DURATION [ENFERMEDAD) [DURATION] PROCEDIMIENTO
los 22 dias por sep5|s nosocomial, presentando en primeros dias de vida anemizacién gradual con necesidad de transfusion.
SINTOMA [_Nsco |
[suc_apmn] (acE) [NEg] [cPE-NOM]
1§ ) N
Hermana sana. Ingreso alas 29 SG por ollgoamnlos grave y febncula descartandose rotura prematura de membranas. Maduracion pulmonar completa Remitida al Hospltal San Cecilio de Granada con
PROCEDIMIENTO
' species [
29+5  SG por sospecha ecogréfica de anemia fetal severa con alteracion del doppler, realizandose transfusion fetal (Hb pre = 9,5 g/dL; Hb post = 15 g/dL) y tomandose muestra fetal para cariotipo, fenotipo
AGE ng (unc] ~ INeg)

eritrocitario y PCR de CMV y Parvovirus. Revalorada con 31+4 SG en dicho centro ante nueva sospecha de anemia fetal grave con sospecha de hemorragia feto materna, sin

(SUG_ADMIN] DEPARTAMENTO
[NSCOJ PROCEDIMIENTO| [PROCEDIMIENTO SINTOMA PROCEDIMIENTO

indicacién de nueva transfusién. Cesarea electiva a las 32 SG por riesgo de f)érdida de bienestar fetal. Nace con escaso esfuerzo respiratorio precisando CPAP para traslado a la UCI neonatal.




Medical Entity Linking or mapping (normalization) intro

El paciente presenta\pérdida del sentido del gusto)

sintoma

SNOMED-CT
Varon de 43 aios con,ageusi? y sin complicaciones respiratorias 369550009 | Loss of taste

sintoma

SNOMED-CT CIE-10

Mujer joven que dice (o percibir saborej al comer

~100k codes ~68k codes

sintoma

- -

< <
- -
I e

@ A

Harmonization Interoperability Data integration Data Mining

Medical Entity Linking (or Entity Normalization): linking or mapping mentions of clinical
concepts found in text to standardized controlled vocabularies/terminologies

Barcelona
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https://www.snomed.org/
https://eciemaps.mscbs.gob.es/ecieMaps/browser/index_10_mc.html

Clinical Entity Linking System Design

Corpus/dataset Model
; .+ 1.Candidate Entity Generation 2.Candidate Entity Ranking 3.Linking result ‘

4 )

Entity mentions of HC EHRs

126707007 | neoplasia del hilio ( 126713003 | neoplasia de \ ( \
pulmonar pulmaén

92134005 | neoplasia benigna

del hilio pulmonar

126707007 | neoplasia del hilio
pulmonar
890534002 | neoplasia maligna 92134005 | neoplasia benigna 126713003 | neoplasia de
primaria de ambos pulmones del hilio pulmonar pulmon

\ heoplasia de pulmon)

sintoma 94329002 | neoplasia maligna 890534002 | neoplasia maligna
secundaria del hilio pulmonar primaria de ambos pulmones
126713003 | neoplasia de 94329002 | neoplasia maligna
\ pulmon ) ecundaria del hilio uImon \ )
Classification

Extreme Multi Label
Deep Contextualized Entity Representations
Zero-shot Entity Linking

Barcelona

Supercomputing

Center

Centro Nacional de Supercomputacion
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ClinLinker clinical concept normalizaion & mapping

Schema of the implemented ClinLinker pipeline

retrieval bi-encoder re-ranker cross-encoder
o Y
2 | BLS
a ™zl <cM|s S
] ] 2 o &
® @ 2 I ® 2
; . @ w
Biomedical ontology, o B e L o m 73
corpus gazetteer, o 3 1 2 g >
training set = 8 =) < B
< @ 3 2 Listof candidatos 3 ranked candidates
3 - = P < @
@ A C =1
3 A S
= ) =
=]
|
-
Medical entity SapBERT-based bi-encoder
mention
Barcelona Gallego, F.,Lépez-Garcia, G., Gasco-Sanchez, L., Krallinger, M., Veredas, F.J. (2024). ClinLinker: Medical Entity Linking of Clinical Concept 72
g"":""’"’”’"ﬂ”g Mentions in Spanish. In: Franco, L., de Mulatier, C., Paszynski, M., Krzhizhanovskaya, V.V., Dongarra, J.J., Sloot, P.M.A. (eds) Computational
c:,',',o%,ciona,des“pe,compmac,b,, Science — ICCS2024.1CCS 2024. Lecture Notes in Computer Science, vol 14836.




Medical Entity Linking

Background

Many structured vocabularies: multilingual resources for Entity Linking in Health

SNOMED-CT

Collection of medical
terms with codes,
synonyms and definitions
used in clinical
documentation

~100k codes

Barcelona

Supercomputing

Center

Centro Nacional de Supercomputacién

CIE-10

Medical classification
structured vocabulary

~68k codes

MeSH

Scientific documents
indexing

~27k entries

HPO

Medical genetics and
genomics structured
vocabulary

Patents indexing

~13k terms
~156k annotations

~76k groups



https://www.snomed.org/
https://eciemaps.mscbs.gob.es/ecieMaps/browser/index_10_mc.html
https://www.ncbi.nlm.nih.gov/mesh/
https://hpo.jax.org/
https://www.wipo.int/classifications/ipc/es/

Medical Entity Linking: Lack of Manually annotated Entity Linking corpora!

Limited number of Gold Standard datasets and not sufficiently addresses in bencharmking leaderboards:

e n2c2/UMass Track on Clinical Concept Normalization Task 3: Track on Clinical Concept Normalization
e Bacteria Biotope at BioNLP-OST 2019 Task: Biological Entity Linking

e BERT3
e XLNet*

f\ Most top-performing systems!? used Neural Language Models
(X

P]. IHan, J. C., & Tsai, R. T. H. (2020). NCU-IISR: Pre-trained Larllzg?:uage Model for CANTEMIST Named Entity Recognition.
n Proceedings of the Iberian Languages Evaluation Forum (IberLEF 2020), CEUR Workshop Proceedings.

[2]. Wang, Y., Fu, S., Shen, F., Henry, S., Uzuner, O., & Liu, H. (2020). The 2019 n2c2/OHNLP Track on Clinical Semantic
Textual Similarity: Overview. JMIR Medical Informatics, 8(1 13, e23375.

3]. Devlin, J., Chang, M. W., Lee, K., & Toutanova, K. (2018). Bert: Pre-training of deep bidirectional transformers for
anguage understanding. arXiv preprint arXiv:1810.04805.

@ Barcelona [4]. Yang, Z., Dai, Z., Yang, Y., Carbonell, J., Salakhutdinov, R. R., & Le, Q. V. (2019). XInet: Generalized autoregressive

g:ﬁ:;omputiny pretraining for language understanding. In Advances in neural information processing systems (pp. 5753-5763).

Centro Nacional de Supercomputacién


https://n2c2.dbmi.hms.harvard.edu/track3
https://sites.google.com/view/bb-2019/task-description

Common data Model (CDM) of clinical NLP output: FHIR NLP profile

DT4H FHIR NLP-profile

Fields suffixed with a

kN

are mandatory values

Represents the individual text analysis results.

Clinical site identifier*:
o Values:
Patient ID*
Record ID*
Admission or contact ID
Record type*
o Values: progress report, discharge summary, discharge letter...
Record format*
o Values: txt, PDF, XML, Json, docx
Date record created*
Date record last revised
Record character encoding

o Values: ASCII, UTF-8, UTF-16, UTF-32, No encoding, Unknown, ...

Extraction date

NLP-processing date*
NLP-processing date update
NLP-processing pipeline name*
NLP-processing pipeline version*
Report section

Report language*

o Values: en, n|, es, it, cs, ro, sv, ca
De-identified text*

o Value: yes/no
De-identification pipeline name
De-identification pipeline version
Text*

Annotations

Information contained within the annotation:

Concept class
o Values: symptom, disorder/disease, procedure, medication, cardiology entity,
other
o Concept in pre-defined clinical variable list (based on defined data-dictionary)
Y/N
Start offset (type ‘int’)
End offset (type ‘int’)
Concept mention string (type ‘str’)
Concept confidence/likelihood
NER component type
o dictionary lookup, transformer, other
NER component version (type ‘str’)
Value Negation
o Values: yes, no
Negation confidence
Qualifier Negation
Qualifier Temporal
DT4H concept identifier (type “str’)
NEL component type
o lexical similarity, transformer, other
NEL component version (type ‘str’)
Controlled vocabulary namespace (type ‘str’)
o Values: UMLS, SNOMED CT, ICD10, MedDRA, ICD9, DT4H, HPO, LOINC,
ISO, GeoNames, MeSH, ESCO, ATC, ICPC, other, none.
Controlled vocabulary version (type ‘str’)
Controlled vocabulary concept identifier (type str)
o Value: ranked list
Controlled vocabulary concept official term (type ‘str’)
Controlled vocabulary source (type ‘str’)
o original, machine translation, manual translation



Plot network Refresh session

Network visualization panel

Filter by co-occurrence count:
:

1 1 21 31 41 5 91

Select labels:
PROCEDIMIENTO
SINTOMA

FARMACO

() EDAD-SUJETO-ASISTENCIA
ENFERMEDAD
ENTIDAD-OBSERVABLE

[J FECHAS

() PROTEINAS

() SPECIES

[J TERRITORIO

[J PAIS

[J SEXO-SUJETO-ASISTENCIA
() ID-SUJETO-ASISTENCIA

[J CALLE

[J HOSPITAL

Network summary

num of edges  num of nodes

Clinical knowledge gragh (KD, hypothesis

121 31 H
generation
Highlight label v
100
I
100 ceftriaxona 4ila
tos seca \4
ritonavir
V — \v/] \
diarrea clo -'-\" /
difftere.D ‘ ’ "‘ ) ‘1;“ -
i < O '/i AP ~— A e A respiratoria
dimero D //‘ — },4*‘,,&@"\/
el R L =T O™ \ |
it NS e NS =
v:i// ,;. \\\\ - .‘,".@\ -l n_~_\ =
‘\‘."‘ S B Pt ] Saatossica
== e RS\
=S v' 8 \\‘v ’;' e\
" hipertensién X ’
covid19 proteina & / presion arterial
’ rtper
.
covid19 g " §
exploracion fisica oxgenclarapia
metilprednisolona
analisis de sangre

Co-occurrence Node ranking Communities
count count count of co-
word1 word2 word1 word 2 occurrences
lopinavir ritonavir 38 40 38
dimero D (entidad-observable) dimero D (farmaco) 38 29 27
frecuencia respiratoria presion arterial 50 52 33
exploracion fisica presion arterial 43 52 25
azitromicina hidroxicloroquina (farmaco) 47 69 35
frecuencia respiratoria temperatura 50 74 36

PMI
2.32
2.29
1.34

1.16

0.96



Co-occurrence network example: occupational health

SNOMED CT
EXPO 2022
|ep‘sio’n Lisbon, Portugal t’: Virtual
trastorno®mentales tec
trastorno de ansi&jadtgergera
: : : rastorr
trastorno de ansiedad psiédsis S
psicotéfapgitishto de suicidio
luddpatia trastorn® mental 77
estrés podraumatico i@di psiqUiatra enfermedad mental
suieidio ' terapeuta
ideacié® suicida
ataques @e panico
ion adicéiones
psicéloga
| siquiatras
: ataques d@ ansiedad G
psicélogo
( : Barcelona
Supercomputing Luis Gasco, Darryl Estrada-Zavala, Eulalia Farré- Maduell, Salvador Lima-Lopez, Antonio Miranda- Escalada, and Martin Krallinger. 2022.
C g‘:"r'r:% A— Overview of the SocialDisNER shared task on detection of diseases mentions from healthcare related and patient generated social media

content: methods, evaluation and corpora. In Proceedings of the Seventh Social Media Mining for Health (#SMM4H) Workshop and Shared Task SNOMED

International




Shared tasks & evaluation of
biomedical NLP systems
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Importance of shared tasks

« Objective and independent benchmarking

« Interoperability, harmonization of resources and combined systems
« Generation of new resources and technologies

 Building trust and quality for solutions (especially for health domain!)
* Promote the development of both commercial & academic solutions
« Design decision support (what works & what doesn’t)

» Reproducibility, replicability, interoperability, scalability, sustainability
« Generalizability & adaptability of methodologies and systems

Barcelona

Supercomputing

Center

Centro Nacional de Supercomputacion 43




Shared Tasks Overview

I serves
it development Final End e Clinicians
recrul
SyStem users o|T Companies
Organizers v
;} e ~N ' ~\ evolves
select d d * * " "
Relevant Domain Gold testing 2N
[o]
documents experts
") \_ Standard Dev.
system
A
L evolves
training V —
i >
solict design
Participants | _ o Preliminary
\ / eComputational Linguists system

1-3 months
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NLP shared task in biomedicille

. TREC Genomics/Chemistry

*
\
2N [ TREC Medical/cDS
’ S8
4 . .
\
', \\ . BioCreative
4
% \\ [ NeeA
4
V4 \\ B
e S Il b2
Vs Question answering, (N )
'/' Summarization M [ sionLP-sT
’ N [ cawsc
,’ Semantic Biomed \\
// QA summ \\ [ conuL
', S e S e B e S S S S O \\ D DDIExtraction
Information extraction \
,/ f s \ [ sonsa
S GR  GeneRIFs MGI-GO GO PPl o o Medication \\ [ shARe/CLEF eHealth
7/
/ Clinical Temporal : \
,’ relations relations 1D EPI REL Bacteria \\ . SemEval task 7
,’ PC GRO GRN DDI ?emar)tic \\ . TAC BiomedSumm
/ ~ | indexing \\
/-_______-__.-.-______..._-.._.._.._....-........________-_________!\
/ Mention detection, normalization, co-reference resolution \\
4 ini \
7 Bio- De- Clinical
,, ot GN GM PPI CTD  CHEMDNER identification concents \\\
4 Temporal CO- o N
/’ events reference REN reference \\
4 \
/e s s e o - - - - - — -

/
Ad-hoc retrieval, passage retrieval, text classification

Fly Ad-hoc Bio-entity Chem
. I-
L4l genetics retrieval L8R centric  patentIR

- ; 2 Heart Hedge
moking Obesity Sentiment diceaie PPI CTD GO dcaon

Barceiona
Supercomputing

Center . . - ..

Centro Nacional de Supercomputacién Chung-Chi Huang, and Zhiyong Lu Brief Bioinform

2015;bib.bbv024

Briefings in

Bioinformatics




Overview Medical NLP Shared tasks

Medical abbreviation Semantic indexing: Medical document Detection of drugs,

detection and resolution literature, patents, At i
clinical trials, projects anonymization chemicals, genes

(0

X A /
‘
PharmaCoNER
BARR BARR2 MESINESP  MESINESP? MEDDOCAN Ao
Detection & clinical Clinical coding: ICD- Disc_aases ip health Profession, occupation
coding of tumor 10: diagnosis & social media detection in health
morphology procedures social media
A\ ﬂl&
ga (v
W :‘% b
SocialDisNER ;/\_:é_‘_
CANTEMIST CODIESP ProfNER
Barcelona
Supercomputing

Center
Centro Nacional de Supercomputacion
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Some of our past Shared Tasks (ll)

tachycardia

taquicardia
MEDDOPROF ClinSpEn MEDDOPLACE LivingNER
Detection of English <-> Spanish Detection of places, clinical Detection of pathogens
occupations and laboral  translation of clinical case departments and related and ||'_V'n_g bemgl\?C-I-Bl
statuses + normalization  reports, terminology and _S0Ntent + normalization to - normaization to -
to SNOMED CT and ontologies SNOMED CT, GeoNames and Taxonomy
ESCO PlusCodes

(biomedical WMT subtrack)

https://temu.bsc.es/meddoprof/ https://temu.bsc.es/clinspen/  https://temu.bsc.es/meddoplace/  https://temu.bsc.es/livingner/

Barcelona

Supercomputing

Center

Centro Nacional de Supercomputacién
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LivingNER Multilingual Silver Standard

“m https://temu.bsc.es/livinaner/ Shared-task Overview Use Cases

Manually annotated &
normalized clinical
cases by medical

é LivingNER Gold Standard\ = Pets & Farm animals
(for zoonosis)

Serologia negativa para experts

e , Taxonomy

fiebre Q, VHB, VHC, VHA,

I

NCBI Tax 1D:234

Brucellal VIH, Borrelia.

\ mention + normalization

Serology negative for Q fever,
HBV, HCV, HAV, Brucella, HIV,
Borrelia.

Sierologia negativa per febbre
Q, HBV, HCV, HAV, Brucella,
HIV, Borrelia.

Sérologie négative pour la
fievre Q, VHB, VHC, VHA,
Brucella, VIH, Borrelia

Serologie negativa pentru
febra Q, VHB, VHC, VHA,
Brucella, HIV, Borrelia

Data: https:/doi.or

Serologia negativa para a
febre Q, HBV, HCV, HAV,
Brucella, HIV, Borrelia.

Supercompuunyg

Center

Centro Nacional de Supercomputacién

Serologia negativa per a
febre Q, VHB, VHC, VHA,
Brucella, VIH, Borrelia

10.5281/zenodo.6376662

B <= NCBI
/

Participants
o Al researchers
e Computational Linguists
e Industry
e Academia

Three subtracks:
LivingNER-Species

LivingNER-Species Norm
LivingNER-Clinical IMPACT

Y
Evaluation

e |berLEF - SEPLN track
o Quality metrics: F-score

Miranda-Escalada, Antonio, et al. "Mention detection, normalization & classification of species, pathogens, humans and food in clinical
documents: Overview of the LivingNER shared task and resources." Procesamiento del Lenguaje Natural 69 (2022): 241-253.

Animals causing
injuries/diseases

Food (Diet, allergies &
intoxications)

Nosocomial infections

Antibiotic resistance

Infectious diseases

Epidemiology (family
history contacts...)




LivingNER participant results

e MiF: micro-averaged F-score (main
metric)

e MiP: micro-avg. Precision

e MiR: micro-avg. Recall

Top team: 0.951 f-score for NER,
0.93 for Normalization

Miranda-Escalada, Antonio, et al. "Mention detection, normalization & classification of species, pathogens,
humans and food in clinical documents: Overview of the LivingNER shared task and
resources." Procesamiento del Lenguaje Natural 69 (2022): 241-253.

Barcelona

Supercomputing

Center

Centro Nacional de Supercomputacién

SPECIES NER__ SPECIES Norm
Team Name MiP  MiR | MiF MiP MiR MiF
Vicomtech NLP 9583 9438 § .951 0.9376 0.9234 §0.9304
racai 9569 .9439 || .9503 - - -
READ-Biomed .954 9411 § 9475 - - -
SINAI 9571 9346 9457 8733 8527 .8629
plnemm 9455 9373 § 9414 9139 906 9099
Sumam Francis 9443 9307 § 9375 - - -
Clac 9385 9256 .932 .9495 .891 .9193
john_snow_labs 916 9327 § .9243 - - -
avacaondata 9228 908 9153 012 4799 4954
Pumas 9284 .8899 9087 9389 8075 8682
IAM 9209 8733 .8965 - - -
IGES 9112 8638 .8869 .8979 8512 874
NLP-CIC-WFU 8303 .8704 | .8499 7768 .8143 7951
Vitor 19492 0634 7071 - - -
777 .8012 6138 .6951 - - -
Kformer-OEG 7306 6057 § .6623 - - -
Mark *pw 8214 6145 703 - - -
Han *pw 5399 1965 J| .2881 - - -
Sapphire 6875 .0149 § .0291 - - -
Boun-ner 0.126 0.078 § 0.0963 - - -
PathoTaglt-Base 0.9461 0.8507 JJ 0.8958 - - -




, MEDDOPLACE
9” Website: https://temu.bsc.es/meddoplace/
g Data: https://doi.org/10.5281/zenodo.7707567

N

Medical Document Place-related Content Extraction Shared-Task

He was referred to the Neurology Dept. of

the Hospital 120 (YEEIIE) and the
Movement Disorders Unit of the

Clinic (CEI=3 1 T), detecting continuous

muscular hyperexcitability without
dystonic or myopathic criteria.

e 1,000 clinical cases

e Clinical and
linguistic experts

e +9,000 annotations

Gold e Guidelines with +50
Standard  pages

MEDDOPLACE MEDDOPLACE

Location Entity
g’ Recognition

Geographic

MEDDOPLACE
@ Entity
Normalization

Classification

Detect mentions of:
e Locations:

G EIEED
Geopolitical
e Location-related entities
Hospital Department
| Community I Transport J
J

Classify location entities into
4 four different classes of
clinical relevance

Assign location mentions
to 3 different ontologies

PlusCodes
Snomed-CT

. N\ J
LMEDDOPLACE TestJ
. Evaluation metrics A
. "4 micro-average i { II
Participants precision, recall
and F-score Setting a new

MEDDOPLACE

Training Data state-of-the-art in

location detection
in Spanish clinical
documents

= —| Evaluation
--—ﬂl Platform

HEALTH CARE] MOVEMENT
e 3

Example Use Cases

Geographic location and health risk factors

He had travelled through
Lombardy and Tuscany,
travelling in a rented car
and staying in private
rented houses, before
returning to Scotland from |
Milan on day -2. He was not
aware of any contact with
COVID-19 cases.

In the last three months,
he traveled through
Central America from
Colombia to the USA,
staying a few weeks in
New York where he
visited rural and forest
areas, returning later to
Spain.

Patient route through health services
From the doctor's office, she cﬁ{;g e _m
was sent to the primary care - % 1.
dentistry department, from 1 S
where she was referred to her
referral hospital. There, she
consults the Haematology
Dept. , where they cannot
solve the anaesthesia
problem and refer her to the
hospital's Surgery Dept.

Lima-Lépez, S., Farré-Maduell, E., Briva-Escalada, V., Gascd, L., & Krallinger, M. (2023). MEDDOPLACE Shared Task overview: recognition, normalization and

classification of locations and patient movement in clinical texts. Procesamiento del Lenguaje Natural, 71.



MEDDOPLACE (Dataset for locations)

MEDDOPLACE Guidelines:
Annotation, Normalization and Classification
of Locations and Place-Related Information
in Clinical Texts

V1 [March 2023]
AUTHORS

Salvador Lima Lépez (Barcelona Supercomputing Center)
Eulalia Farré-Maduell (Barcelona Supercomputing Center)
Vicent Briva-lglesias (Dublin City University)
Martin Krallinger (Barcelona Supercomputing Center)

Data normalization &
Semantic interoperability

SNOMED CT

. E * Plus Codes

Gel®»HNames

Barcelona

Supercomputing

Center

Centro Nacional de Supercomputacién

EE NI NN NS NSNS NN NN NN EEEEEEEEEEE

YA\ MEDDOPLACE

w Medical Document Place-related
i {58 Content Extraction Shared Task
mepporiace temu.bsc.es/meddoplace

Data annotation protocol (in Spanish & English)
1,000 clinical case reports

Nacido enla India, resideen Angola desde hace 15 afios y realiza viajes frecuentes a Hong Kong por motivos laborales.

(0T GPENOMIMV]  GENoM [MV]
Acude a Urgencias de un centro hospitalario espafiol, porque mientras realizaba con su esposa un crucero por  Grecia y  Turquia,
el 8o dia de viaje, comenzd con fiebre, ictericia, dolor abdominal y diarrea sin productos patolégicos.

GPE NV [AT]
Acudi6 a un centro médico en  Turquia, donde le realizan una analitica en la que )
seroloai : ; ; Lal GPE_NOM ID:TL
gia VHB y VHC negativos, gota gruesa y frotis negativos. . —
y ansiedad en tratam L—UGAR'NA'TAL (o)
Var la receta electronic Andalucia

Lientacion por sintoma: Note: GN:2593109 |4

* Around 10,000 annotations distributed in 10
different labels

e Almost all are normalized (Shomed, Geonames,..)

 Further classified in five clinically-relevant classes

originaria de Andalucia, vive en Catalufia de

Available at: https://zenodo.org/records/8403498

Lima-Lopez, S., Farré-Maduell, E., Briva-Escalada, V., Gascd, L., & Krallinger, M. (2023). MEDDOPLACE Shared Task overview: recognition, normalization and classification of locations and patient movement in clinical texts.
Procesamiento del Lenguaje Natural, 71.



Spanish
1| Antecedentes personales

[COMUNIDAD
Var6n de treinta afios, gaditano, fumador de veinte cigarrillos al dia, sin criterios de
bronquitis crénica y bebedor social.

N

3| Realiz6 un viaje turistico tipo "mochilero” con su pareja durante cuarenta dias por

[(GEO_GEN [MV]]
[GEG_GEN [MV]  GPENOMMY])

Africa noroccidental, visitando tanto zonas rurales como urbanas: Marruecos,

y Guinea Ecuatorial.

4| Recibié consejos al viajero en el Centro de Salud Internacional, con quimioprofilaxis bien
cumplimentada con cloroquina.
5| Recibié vacunacion tetravalente meningocécica, fiebre amarilla y tifoidea oral.

ey
No referia conductas de riesgo especificas durante el viaje salvo bafios en agua dulce en

Sahara Occidental, Mauritania, Mali

(=2}

Bamako.

8| Enfermedad actual

A las 24 horas tras el regreso, acudié al Servicio de Urgenciaé, aquejado de fiebre elevada,
con escalofrios, cuadro catarral y cefalea holocraneal.

10| Tras evaluacién basica inicial y sin foco aparente, es dado de alta con tratamiento con
amoxicilina/clavulanico.

B N S T A S S SO S S S S PO S S ST [ B S S |

O

Barcelona

Supercomputing

Center

Centro Nacional de Supercomputacién

MEDDOPLACE example case

=

4]

(2]

(o2]

[(e}

10

11

12

English
Personal history

(GPEN]
Thirty-year-old man from Cadiz, smoker of twenty cigarettes a day, without criteria of chronic
bronchitis and social drinker.

He went on a 40-day backpacking EIB with his partner in north-west Africa, visiting both

[GPENOM]  (GPENOM]  [GPENOM] [GPEN] [GPE_NOM)

—_— — .,

- S > , . ==
rural and urban areas: Morocco, Western Sahara, Mauritania, Mali and Equatorial Guinea.

He received travel advice at the International Health Centre, with well complimented
chemoprophylaxis with chloroquine.
She received tetravalent meningococcal, yellow fever and oral typhoid vaccinations.

[TPT)
She reported no specific risk behaviours during the trip except for bathing in fresh water in
EEEINGH
Bamako.
Present illness

Twenty-four hours after his return, he presented to the Emergency Departmeﬁt with high fever,
chills, catarrhal symptoms and holocranial headache.

After initial basic assessment and with no apparent outbreak, he was discharged with treatment
with amoxicillin/clavulanic acid.

He consulted again 24 hours later due to persistent febrile symptoms, holocranial headache,
profuse sweating, rhinoconjunctivitis and non-productive cough.

Physical examination The patient had blood pressure 100/60; heart rate 110 bpm; temperature
37.80C:; baseline O2 saturation 98%; Glasaow score 15/15.

» Multilingual silver standard in 8 languages: Catalan, English, French,
Italian, Dutch, Portuguese, Romanian and Swedish

Lima-Lopez, S., Farré-Maduell, E., Briva-Escalada, V., Gasco, L., & Krallinger, M. (2023). MEDDOPLACE Shared Task overview: recognition, normalization and

classification of locations and patient movement in clinical texts. Procesamiento del Lenguaje Natural, 71.




MEDDOPROF (Dataset for professions, occupations)

MEDDOPROF
(MEDical DOcuments PROFession Recognition)

® Original motivation: Detect healthcare
https://t b /medd f . .
RERERITRAGSSIOSEoRs professionals with COVID
@ Manually Labelled Data Py
edical Documents — Sl . . .
e O ENSIREIREN e ® Almost 2K clinical case reports in
Intemfgmﬂom?:;nguall@ al “E“::::“’S' g\?“:":\;i:m“\mmm‘r SpaniSh from va riety Of SpECIB'tieS

[ESCO, SNOMED-CT] slept in o day

®* Manually labelled by clinicians and
— linguists with mentions of professions,
ﬂ SERES S \ activities and working status and

awr | 5 EnfstmGRLRn classified according to their holder.

use human knowledge V' to learn automatically

Es enfermera en
Sme o nNPUT
un edificio con

amianto. ))

She is 0 nurse who works

un edificio con
» = ® Inter-annotator Agreement (Quality and

She is a nurse who works

g’sgezt’c':gmg with in a building with t .
£ consistency): 0.9.
Unlabelled Medical Document Artificial Intelligence Systems AutorinaucaI:ly Labell:z]i Text
joccupation + code ?
SReE E R Availale at; https://zenodo.org/records/7116201
Workplace Mental Expo?uri to Exposuri to ‘
\@ acEicanty ‘ Jaecs Siéifﬁc; E?Z,“‘E"Svﬁ) 19)
[PACIENTE-PROFESION|
Desde la aplicacion de las directivas de confinamiento, refiri6 que habia podido proseguir su trabajo como oficinista; su
|[FAMILIAR-PROFESION| [FAMILIAR-PROFESION | [FAMILIAR-SITUACION_LABORAL |

esposa, una maestra de escuela, y su hijo de 21 afios, desarrollador web, también ffabajaban desde el hogar.



CANTEMIST: oncology corpus (tumor morphology, ICD-O-3)

Tratamiento
En espera de la realizacion de una nueva biopsia, se inicio tratamiento de primera linea con cisplatino y gemcitabina, considerando que el tratamiento

con gemcitabina podria ser efectivo en tumores de estirpe sarcomatoide.

Presento tolerancia regular al tratamiento durante el primer ciclo, con mucositis grado 1, un episodio de fiebre sin focalidad y neutropenia grado 3,
que se pospuso el inicio del segundo ciclo.

Esta clinica obligé también a retrasar la biopsia quirargica que estaba prevista. Document name ICD-O-3 (¢CIE-O-3.1) code
En la TC toracoabdominopélvica de revaloracion tras dos ciclos, se observo disminucion del tamano de la masa en LSD (de 80 mm a 56 mm) y un

aumento de tamano de la  lesion suprarrenal  derecha (de 31 mm a 54 mm). \

[MORFOLOGIA NEOPLAST | CC_OIIC085 | I 8010/3
En octubre de 2016, el Equipo de Cirugia Plastica realizé nueva biopsia con exéresis de musculo piramidal, sin evidencia de malignidad,
lo que se realizé una TC/PET para planificar la biopsia con mayor rentabilidad. cc_onco85 8010/6

ORFOLO

Finalmente se realiz6 una biopsia guiada por TC de la lesion paramediastinica derecha, con el diagnostico de carcinoma no célula pequefa

TSV: ICD-0O COding subtask
(CPNCP) sugestivo de  adenocarcinoma  (TTF1 y p63 negativos), con estudio molecular negativo para ROS1, MET, ALK, KRAS y
EGFR.

Mention string

Start character End character

Miranda-Escalada, Antonio, Eulalia Farré, and Martin Krallinger. offset

"Named Entity Recognition, Concept Normalization and Clinical
Coding: Overview of the Cantemist Track for Cancer Text Mining

offset

in Spanish, Corpus, Guidelines, Methods and Results." IberLEF@ \/
SEPLN (2020): 303-323. T1 MORFOLOGIA_NEOPLASIA (3332 | [3341] |Carcinoma|
Brat' 1 AnnotatorNotes T1 |8010/3
NER subtask & T7 MORFOLOGIA_NEOPLASIA X 3332 3361  Carcinoma de mama cT4b N2a M1
Normalization SUbtaSk 7 AnnotatorNotes T7  8010/6
E Barcelona \
Supercomputing
Center

Gentroacionsl oo supercomounce1 1P S - //Zz€N0Od 0. 0rg/record/397804 1 I00-0:31(eLIE0-5.1) cude



Miranda-Escalada, Antonio, Eulalia Farré, and Martin Krallinger.
"Named Entity Recognition, Concept Normalization and Clinical
Coding: Overview of the Cantemist Track for Cancer Text Mining
in Spanish, Corpus, Guidelines, Methods and Results." IberLEF@

NER subtask: 11 teams
with F1 > 0.80

Norm subtask: 6 teams
with F1 > 0.75

ICD-0 coding subtask:
highly competitive
results

SEPLN (2020): 303-323.

@

Barcelona

Supercomputing

Center

Centro Nacional de Supercomputacién

CANTEMIST results

NER — Norm — Coding ——
Team Name P R l F1 | P R l F1 | P R F1 l MAP |
HITSZ-ICRC 871 .868 .87 824 826 | .825 - - - -
Vicomtech 0.868 0.871 0.869 822 .81 (L821 875 .836 .855
SINAI .859 .851 .855 763 755 .759 - - - -
NLNDE .854 .852 .853 767 766 767 77 771 77 .749
NCU-IISR .849 .851 .85 - - - - - - -
Recognai .85 .84 .845 - - - - - - -
mhjabreel 837 .84 .839 J75 779 777 797 .812  .805 737
HULAT-UC3M .826 .843 .834 - - - - - - -
Fadi 844 818 831 798 774 .786 826 .838 832 .797
rrz-uc3m .823 .824 .823 .202 .14 .165 - - - -
baciero-fdez .808 .802 .805 - - - - - - -
HULATUC3M-GI  .828 .769 797 - - - - - - -
IBS_Software 765 .764 764 - - - - - - -
lasigeBioTM 787 714 .749 064 .058 .061 211 .601 312 506
Tong Wang 757 736 .746 - - - - - - -
DTIMAI 727 741 734 - - - - - -
episource 691 .758 723 557 .61 .582 .68  .681  .681 575
Xlntao 716 421 719 - - - - - - -
UAB .688 .744 715 - - - - - - -
Bigbyte .649 469 .545 645 467 542 .794 .73 .761 .68
PaccanarolLab 159 .595 .251 - - - - - - -
fernandrez 0 0 0 - - - - - - -
ICB-UMA - - . - . . 007 928 013
kathrync - - - - - - 182 51 268 34




MEDDOCAN : clinical document anonymization

Corpus annotated by PlanTL for anonymization and de-identification task:

MEDDOCAN evaluation campaign (IberLEF)

Best f-score: 0.98530

MEDDOCAN Corpus
- Annotation of protected health information.
- Guide/scheme for annotation and quality analysis (consistency).

NOMBRE_PERSONAL_SANITARIO
Médico:  Luis Moyano Calvo NeCol:

nforme clinico del paciente: Adolescente Varén de diecisiete afios  sin antecedentes de interés que acude pt
zn la analitica de orina se aprecian 30-50 hematies por campo. Urocultivo negativo.

Se practica ecografia abdominal observandose pequeiia lesion de medio centimetro de diametro, sélida con refuerzo hiperecogénico anterior.
Realizamos cistoscopia observandose en cara lateral derecha, por fuera de orificio ureteral dos pequeiias lesiones sobreelevadas, con muco:
Sospechandose lesion inflamatoria se prescribe tratamiento con A.LN.E. durante diez dias sin que desparezcan las lesiones, decidiéndose in
Se realiza RTU de ambas lesiones vesicales, siendo el informe anatomopatologico el de leiomioma vesical, describiendo la lesion como “pro
20sinofilo sin atipia, necrosis ni actividad mitotica significativa. Con el estudio inmunohistoquimico se demostré intensa positividad citoplasma

NOVERE PERSONAL SANITARI] ~ (GAIED S ' ~
Remitido por: Dr. ~ Luis Moyano Calvo  C/ Eduardo Rivas, 3 28018 Madrid. Espaiia. e-mail: joselwsmoyano@ya com

https://zenodo.org/record/4279323

Barcelona

Supercomputing . " . . e . . .
Center Marimon, Montserrat, et al. "Automatic De-identification of Medical Texts in Spanish: the

Centro Nacional de Supercomputacion MEDDOCAN Track, Corpus, Guidelines, Methods and Evaluation of Results." IberLEF@
SEPLN. 2019.

@

Guias de

- Plan TL (B
eram | SETSEL riecsa o eane I\;@

de de salud p

Plan de impulso de las Tecnologias del Lenguaje

Enrique Mota’, Nelson Martin', Angel Moreno®, Elvira Ferrete’, Jesis Santamaria’,
Montserrat Marimon', Ander Intxaurrondo*, Altor Gonzélez-Agirre’, Marta Villegas*,
Martin Krallinger™*

1 Indizen Technolages

http://temu.bsc.es/meddocan/

‘ru Hospital Universitario
;12 de Octubre




CARMEN I : clinical corpus with symptoms
a t P h ys I o N ET CARMEN I: A resource of anonymlzed electronlc health records

Anonymized Spanish clinical corpus with improved guidelines, R
both direct and indirect re-identification attributes, corpus

resynthesis (substitution of equivalent mentions, e.g. name by
another name)

ENFERMEDAD!
Se inici6 el tratamiento de la miocarditis con inmunoglubulinas (80 mg/dia) durante 4 dias y

PROCEDIMIENTO! [FARMACO] [FARMACO]
tratamiento antiviral: IFN B (0,25 mg/48 h) y (ritonavir 400 mg/lopinavir 100 mg/12 h).

Desarrollo y adaptacion de las tecnologias de
lenguaje a historia clinica

https://physionet.org/content/carmen-i/1.0/

Datos clinicos Extracion de entidades

Datos clinicos estructurados

: DIABETES MELLITUS tipo 2 en " enfermedad | 0] 22] scTip:73211009
Hospital Clinic

con metformina farmaco |56] 65| scTip: 85188009




SocialDisNER website: https://temu.bsc.es/socialdisner/ = @ it O
H ea It h N LP & Data: https://zenodo.org/record/6406706#.YmIbMtpByUk COLZ=NG 2022 Comne Naciona oo upercomputacén
Patient Healthcare Healthcare Applications

S o C i a I m e d i a gi}m’; professional institution

Public opinion mining &
sentiment analysis of
diseases

2000
seed accounts

Real-time disease outbreak
surveillance & monitoring

Followers network creation

Post-market drug safety

12 mill. tweets from 280k users

Prevalence of work-

N\ . .
Selection ™ - First person ~ Patient ™ Trusted healthcare associated diseases
N patient IR family \ professional
criteria [ statements pe. members A‘ content
J
~N % Characterization of patient-
Gold 0 Manual labelling of 10,000 tweets by clinical expert. reported symptoms
o
Standard L . _ . —
’ Cuando recibi el diagnostico de e EICIER T
lo mas duro fue asimilar que la tenia. #EFJ4ECHE
Detection of hate speech or
When | received the diagnosis of multiple sclerosis, the 6' . . P
hardest thing was to assimilate that | had it. #sc/erosis) = @ exclusion of sick peOple
Corpus
Evaluation
L. e Workshop: SMM4H track ! l EpldemIO|Ogy and
) Participants o Conference: COLING 22 ﬂ]% population health
Barcelona ® Evaluation platform: CodaLab
Supercomputing ® Quality metric: F-score
Center

Centro Nacional de Supercomputacién



https://temu.bsc.es/socialdisner/
https://zenodo.org/record/6406706

DisTEMIST: Disease Corpus & SNOMED CT normalization

Annotations  Unique codes | Tokens

8,066 4,819 305,166
2,599 2,484 101,152
10,665 7,303 406,318

Martin Krallinger (Barcsiona Suparcomputing Cantar)

Los registros electroencefalogréficos (EEG) fueron normales.
Los estudios cognitivos muestran un cociente de desarrollo psicomotor normal.
’ La exploracion del fondo de ojo muestra una apariencia practicamente normal del fondo de ojo derecho, con

una papila 6ptica normal, dos pequefias lagunas coriorretinianas hipopigmentadas y ausencia de

afectacion macular.

N 'MEDAD |

Nifia de 3 ailos y 8 meses de edad.
Diabetes gestacional y madre Rh - grado A, gestacion de 38 semanas y parto normal.
X Cariotipo femenino normal 46 XX.
I\
DisTEMIST : s : — =
El diagnéstico por ecografia prenatal de esta nifia muestra agenesia del cuerpo Documents
Guias DISTEMIST: T T Training 750
Anotacioén y normalizacién de Test 250
enfermedades en textos clinicos .
En el sistema nervioso central presenta un quiste de plexos coroideos y un TotaI 1 ,000
ENFERMEDAD)
quiste en la region interhemisférica profunda.
Gascos: wpercomes 3 [ENFERMEDAD)
Antonio Miranda-£xcalads (Barceiona Suparcompwting Cantr) En el examen de resonancia magnética nuclear, no se detectan anomalias de la migracion neuronal. o

Inter-Annotator Agreement
(IAA): 82.3

Best team: 0.77 F-score

/ Sin embargo, observamos en el fondo de ojo izquierdo una malformacion colobomatosa del nervio optico y \

docli T1 ENFERMEDAD 209 236 agenesia del cuerpo calloso 5102002 EXACT

docl T2 ENFERMEDAD 239 277 rinén derecho displasico multiquistico 82525005 NARROW

docli T3 ENFERMEDAD 322 348 quiste de plexos coroideos 230790004 EXACT

docl T4 ENFERMEDAD 354 399 quiste en 1a regién interhemisférica profunda 40720005 NARROW
docl1 TS ENFERMEDAD 914 957 malformacién colobomatosa del nervio dptico 77157004 NARROW
docl T6 ENFERMEDAD 960 984 lagunas coriorretinianas 302893000 NARROW

docl T7 ENFERMEDAD 462 496 anomalias de la migracién neuronal 253146009 EXACT

docl T8 ENFERMEDAD 837 855 afectacion macular 312999006 EXACT

docl T9 ENFERMEDAD 1005 1023 afectacion macular 312999006 EXACT




DisTEMIST Multilingual Silver Standard

DisTEMIST

Disease Text Mining Shared Task

2022 BOLOGNA

DisTEMIST o Barcelona . .
— Web: https://temu.bsc.es/distemist Supercomputing Multilingual annotated and normalized
m Data: ' X Contari DisTEMIST Silver Standard

A 29-year-old woman with a
history of Huodenal ulcus|and
Eonstipation(...)

]7

Une femme de 29 ans, ayant des
antécédents d'fiicére duodénallet
de fonstipation| (..)

. Y Machine
o . Translation

w» Mujer de 29 afios con

———— -

Uma mulher de 29 anos com
histéria de [ilcera duodenalle
pbstipagao(..)

6 languages

N I
K1 B4

Manually
annotated and
normalized

antecedentes de
SCT:51868009
ulcus duodenal )y

[estrenimiento..)

SCT:14760008

@D  Annotation
* @D Transfer
$«@D Technology

clinical cases

Q0=

Una donna di 29 anni con una

storia di [ulcera duodenalele
Eostipazione](..)

O femeie in varsta de 29 de ani
cu antecedente de
Huodenalsi ()

R

]7

Dona de 29 anys amb
antecedents de [Ulcus]
duodenal|i festrenyiment](...)

NN\

Use cases

Semantic
Search

Health
/ Data

72

o0l

Analytics

Center
Centro Nacional de Supercomputacién

Miranda-Escalada, Antonio, et al. "Overview of distemist at bioasq: Automatic detection and normalization of diseases from
clinical texts: results, methods, evaluation and multilingual resources." Working Notes of Conference and Labs of the Evaluation
(CLEF) Forum. CEUR Workshop Proceedings. 2022.

A\ 4

Phase 0: Spanish

Phase 1: 7 languages:
English

French
Portuguese
Italian

Romanian
Catalan

Galician

AN NN N Y N

Phase 2: +3 languages:

o Dutch
o Swedish
o Czech

Phase 3: +3 languages:

o German
o Danish
o Norwegian



DisTEMIST Multilingual Silver Standard

Spanish Gold Standard English Silver Standard
( ( )
Snomed ID: } Snomed ID:
1/ Paciente de 70 afnos de edad, minero jubilado, sin alergias medicamentosas 1 Patient aged 70 years, retired miner, with no known drug allergies, with a personal
conocidas, que presenta como antecedentes personales: accidente laboral antiguo
L) = .
ENFERMEDAD history: old work accident with vertebral and rib fractures; operated on for
con fracturas vertebrales y costales; intervenido de enfermedad de Dupuytren en
y e |[ENFERMEDAD] Snomed ID:
ENFERMEDAD » Dupuytren's disease in the right 13644009 " |ral by-pass;
mano derecha y by-pass iliofemoral izquierdo; Diabetes Mellitus tipo I,
yoyp q P ENFERMEDAD ENFERMEDAD ENFERMEDAD
[ENFERMEDAD] [ENFERMEDAD| [ENFERMEDAD| [ENFERMEDAD Diabetes Mellitus type Il, hypercholesterolemia and hyperuricaemia;
hipercolesterolemia e hiperuricemia; enolismo activo, fumador de 20 cigarrillos /
Snomed ID: = 9 ENFERMEDAD ENFERMEDAD
) s < active alcoholism. smoker  of 20 cigarettes/day.

13644009

Online side-by side browser (BRAT): temu.bsc.es/mDistemist/diff.xhtml#/translations/en/train/S0004-06142005000500011-1?diff=/gold-standard/train/

Center

Barcelona Miranda-Escalada, Antonio, et al. "Overview of distemist at bioasq: Automatic detection and normalization of diseases from

Su, mputh clinical texts: results, methods, evaluation and multilingual resources." Working Notes of Conference and Labs of the Evaluation

peroomputing (CLEF) Forum. CEUR Workshop Proceedings. 2022.
Centro Nacional de Supercomputacién
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Variability in performance across different clinical entity types
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Miranda-Escalada, Antonio, et al. "Overview of distemist at bioasq: Automatic detection and normalization of diseases from
clinical texts: results, methods, evaluation and multilingual resources." Working Notes of Conference and Labs of the Evaluation
(CLEF) Forum. CEUR Workshop Proceedings. 2022.



®

=+l
Barcelona 1824 "L'b/‘
Supercompueme o
Center The University of Manchester

Centro Nacional de Supercomputacion

Impact of shared tasks

International participation of both academy and industry: 17 tracks (13 Spanish, 2
English, 2 MT en<>es)

@0 @

teams countries
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Search... Q

Overview of the MEDIQA-M3G 2024 Shared Task on Multilingual Multimodal

Medical Answer Generation

Wen-wai Yim, Asma Ben Abacha, Yujuan Fu, Zhaoyi Sun, Fei Xia, Meliha Yetisgen, Martin Kralli

Abstract

Remote patient care provides opportunities for expanding medical access, saving healthcare costs, and off
demand convenient services. In the MEDIQA-M3G 2024 Shared Task, researchers explored solutions for th
of dermatological consumer health visual question answering, where user generated queries and images ar
input and a free-text answer response is generated as output. In this novel challenge, eight teams with a to’
submissions were evaluated across three language test sets. In this work, we provide a summary of the dat
as results and approaches. We hope that the insights learned here will inspire future research directions th:
technology that deburdens clinical workload and improves care.

Barcelona

Supercomputing

Center

Centro Nacional de Supercomputacion

Query

Responses

K
oM — T =M HEHIINTE, BCHXERETREMN A
THERR, ZREZNSH, BEESHSRE, Z/EHHE
A%%, FEWITOET
Please help with the diagnosis: Three months ago, the condition
shown in the picture below appeared. The patient used Daknening
spray for two months without any noticeable effect. Afterwards, they
went to a rural clinic, where the doctor advised them to use corn
ointment. Subsequently, the condition turned red and worsened.
Please help with the diagnosis.

Por favor, ayude con el diagndstico : Hace tres meses, aparecio la
condicién mostrada en la imagen de abajo. El paciente utiliz6 el spray
Daknening durante dos meses sin ningtin efecto notable.
Posteriormente, acudi6 a una clinica rural, donde el médico le aconsejé
que utilizara pomada de maiz. Posteriormente, la condicion se
volvié roja y empeord. Por favor, ayude con el diagnéstico.

RESPONSEI1:
TEXBHR -
It’s a corn.

Es un callo.

RESPONSE?2:
ZE: Wik
Consideration:
Plantar wart
Consideracion:
¢ Verruga plantar

RESPONSES3:
=, &
ZXGR, Bot
It’s a plantar
wart, not a corn.
Laser treatment
is recommended.
Es una verruga
plantar, no un callo.
Se recomienda el
tratamiento con
laser.




Example projects involving
Health NLP

Barcelona

Supercomputing

Center

Centro Nacional de Supercomputacion



How to deal with the multilingual reality by taking advantage of
existing resources?

EO Analysis and modelling (i)y Creation and validation of
) of the problem %é annotation guidelines

Generating high quality -

language resources is

expensive " Training of professionals and
annotation

Leveraging existing Obtaining corpora more Robust data to train
linguistic resources in ~ efficiently consistent models
biomedical field

Data access
restrictions in
federated scenarios

Barcelona

Supercomputing

Center

Centro Nacional de Supercomputacion 1 0 2
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Training IE models process in federated scenarios with clinician-in-the-loop

Outside world I Hospital infrastructure
Model to extract biomedical Model adapted to work better In[house fme-tlén?d
information | with in-house hospital data . N
Trained with public data I Trained with private data Fine-tuned
language model
Fine-tuned |
Language Model language model |
aIm 000
——————————————————————————— »
I System learns
W from
Public I corrections Hospital
Public Data [ — annotated |» | Database
Data
() @ Annotated () @ Pre-annotation of
I ' Y relevant clinical I selected relevant
I v‘ y records v | clinical records
Manual validation of
I pre-annotations
| following guidelines
1

Barcelona

Supercomputing

Center

Centro Nacional de Supercomputacién
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Multilingual Public Annotated Data

e Problems:
o Lack of annotated resources in many languages
o Languages with annotated resources don't follow
the same criteria

e Goal: Building an annotated multilingual corpus
suitable for training, validation and benchmarking of
initial NLP models by:

o Leveraging existing annotated corpora and NLP
components to build it
o Exploiting machine translation technologies

e Must contain a % of documents originally written in
each language.

[Drogas betabloqueantes] [en] [hipertension arterial]
¥ : ) N7
/ /
| ¢
[Adregénetic beta receptor blockaders] [in] [artérial hypertension]

Barcelona

Supercomputing

Center

Centro Nacional de Supercomputacién
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Multilingual resources and annotation projection approaches

Document
selection

Translation and
annotation transfer

Validation

|
LR

O Multilingual cardiology
Corpus

Manual ]

P L g
Center
Centro Nacional de Supercomputacion

Doc

Annotation

Negaba palpitaciones,

sincope o disminucién

del ritmo de diuresis

~

J

T1 palpitaciones 7 19
T2 sincope 21 27

T3 disminucion del ritmo

de diuresis 31 63

~

Iyt

J

Original

Translation

Translated doc.

He denied palpitations,
syncope or decreased
diuresis rate

Translation gazetteer

Translated doc.

Negaba palpitaciones,
sincope o disminucion

del ritmo de diuresis diuresis rate

There might be false positives and false

He denied palpitations,
syncope or decreased

negatives!

Translated doc.

He denied palpitations,
syncope or decreased
diuresis rate

Annotation layer

T1 palpitations 11 23
T2 syncope 25 31
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Document
selection

Multilingual Public Annotated Data - Document selection

-

v

o~

3
Clinical case reports |_Esj
\_

~

-

Anonymized |
clinical records &h

~

J

~

Synthetic clinical |
records &h

~

Translation and Manual
annotation transfer Validation
. Selected
E% E% 'trex; s.|m|lar|ty documents to ?
=" ool transfer annotations

— o e mm e e e mm M M M e o e

Clinical case report  Synthetic record Clinical record

@

Barcelona

Supercomputing

Center

Centro Nacional de Supercomputacion

A
]

!

Rank /select documents
with similar content to
clinical records

- o o o o —
N oo e o o o o e e o o = = =

*Measure to what extent two documents share same words
(lLexical similarity or semantic similarity)
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Multilingual Public Annotated Data - Annotation transfer

@

Document
selection

Selected
documents to

transfer annotations

Language

@

Each doc:

________________________

Annotation

P @ Layer

Barcelona
Supercomputing
Center

Centro Nacional de Supercomputacion

4 R

Translation and
annotation transfer

Manual
Validation

OFe
any This method is highly dependent

on the quality of the translation

( )
\ J

N
Lemmatization
Was — (to) be
better - good
imeeting — meeting

Translate

Lemmatize

( R
\_ J

N

Lemmatization

Matching

New span
calculation

J

[Drogas betabloqueantes] [en] [hipertension arterial]

V4

[Adregé/netic beta receptor blockaders] [in] [arterial hypertension]

Translated doc w/

annotations

____________________

Annotation
Layer
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Multilingual Public Annotated Data - Validation

LI Y /cardioccc/nl/casos_clinicos_cardiologial68

'ECEDENTES PERSONALES QPISOONLIKE GESCHIEDENIS
. .
 [wEmweoad) _  SBSGRTR Translation and detection
2| Sin alergias medicamentosas conocidas. 2/ Geen bekende geneesmiddelenallergieén. .
problems with acronyms?

[ENFERWEDAD
Habitos toxicos: exfumador desde hace 5 afios, fumé 1 paquete/dia durante = 20 afios.

Gifgewoonten: ex-roker sinds 5 jaar, rookte 1 pakje/dag gedurende > 20 jaar.

w
w

| ENFERMEDAD ENFERMEDAD

Factores de riesgo cardiovascular: ﬁpenensién arterial (HTA) (con mal control en domicilio, cifra en torno a 180

Cardiovasculaire risicofactoren: hypertensie (HT) (met slechte controle thuis, SBP rond 180), ayélipid_emiE

S
S

)
de PAS), dislipemia (DL), diabetes mellitus tipo I (DM). diabetes mellitus type Il (DM).

wn
wn

Antecedentes cardioldgicos: Eardiopatl’a isau_émica crénica desde 2006, oclusién de des-ééndente anterior (DA) con Cardiologische voorgeschiedenis: chronische ischémische hartziekte sinds 2006 Janterieure descenderende](AD)

S|

NFER D

D UG_ENFERM
relleno por colaterales, ateromatosis difusa. occlusie met collaterale vulling, diffuse atheromatose. |

I s sivova| Entities lost in the
@Eento annotation transfer

PROCEDIMIENTO | _SUG_PROCEDIMIENTO
G Ergometria positiva a altas cargas, por lo que se decide manejo médico. 6| Positieve ergometrie bij hoge belasting, dus werd besloten tot medisch beheer.
7| FA paroxistica anticoagulada con sintrom. 7| Paroxysmaal AF geanticoaguleerd met  synthrom.

Médico-quirtirgicos: gtropau’a psorié.sia, recibié tratamiento con metotrexato. Medisch-chirurgisch: b_sbriatische artropathTe, behandeld met methotrexaat.

Bad translations?

0
[o=]

9/ Ingresd en 2016 por infeccion por gripe A e insuficiencia respiratoria. 9/1In 2016 opgenomen voor influenza A infectie en respiratoir falen.
FARMACO FARMACO SUG_FARMACO SUG_FARMACO
10| Tratamiento domiciliario: atenolol 50 mg/24h, Uniket reatard 50 mg/24h, telmisartan 80 mg/24h, amlodipino 5 10| Thuisbehandeling:  atenolol 50 mg/24u, Uniket reatard 50 mg/24u, telmisartan 80 mg/24u, amlodipine 5

FARMACO SuG FARMA

mg/24h, atorvastatina 80 mg/24h, ezetimiba 10 mg/24h, metformina 1000 mg + sitagliptina 50 mg/12h, deflazacort 6 mg/24u, atorvastatine 80 mg/24u, ezetimibe 10 mg/24u, metformine 1000 mg + sitagliptine 50 mg/12u,
UG FARMACS

mg/24h, omeprazol 20 mg/24h, sintrom 4 mg, empaglifiozina 10 mg/24h, cido félico 5 mg/24h, metotrexato 15 mg deflazacort 6 mg/24u, omeprazol 20 mg/24u, sintrom 4 mg, empaglifiozin 10 mg/24u, foliumzuur 5 mg/24u,

FARMACO SUG_FARMACO SUG_FARMACO
@ sc cada 7 dias, vesomni 6/0,4 mg/24h. methotrexaat 15 mg sc om de 7 dagen, vesomni  6/0,4 mg/24u.

‘\\' g;?ro'el\:ac}onalde Supercomputacién 1 0 8



European Health Data Toolbox for Enhancing Cardiology

Data Interoperability, Reusability and Privacy

DataTools4Heart 7 languages
General 4 Hospital Open-source medical corpus selection v Health care institutions
Document selection
fanguage == medical Manual translation UMLS e,
Models == records Snomed-CT Ot S t /
/- Ontologyalignment .
Einetuning Multilingual medical »®, | Cross-ontology mapping | m
v parallel corpus ", Machine Translation w/ / : .
s g .. expertrevision .-~ University College
ol  TtteeeeeaeeT -
Clinical rrtimtoees . Medical 2 DataTools4Heart Lo rl:lﬂ ;)Fn HdOtSpl'!ZraISt
Language — = ») X Neural Machine - A A integrated multilingual oundation;irus
Models Wil ) Translation models g controlled vocabulary
: : FNUSA
L ICRC
Semantic annotation (NER) Entity normalization
Supervised ST. ANNE'S UNIVERSITY HOSPITAL BRNO
8 r Mum" .l (,‘: w.ak I up.| Base"ne Mvanced INTERNATIONAL CLINICAL RESEARCH CENTER
“= | NER corpus oo supervision oaIning approaches G I I 3
ol
Synthetic corpus with Gazetter and Transform:r-based DL provides Non- Context-d " Context-depend el l Ie l
pre-annotated rule-based methods CRF and Snorkle — data [ < s T 3 .
through lexical Lexical similarity ~ "onsformer-based DL e e Tl Apeeie e st
tagging Consortium
15 EU languages Languages methods Ranking methods
o 15 EU languages CI:nsomum
JActive Learning methodologies L3S Va“ dl Hebron
e .
Hospital
Clinical data Semantic annotated data Structured Clinical data
(" man met diabetes mellitus type | (" man met diabetes mellitus type | — (" disorder | 8]32| scTIDA44054006 ) -
2 met in de voorgeschiedenis m 2 met in de voorgeschiedenis procedure |64| 67| scTip:415070008 I(AROLINSI(A
een PCl van de RCA ) L een PCl van de RCA ) \_anatomical structure |75| 78| scTip:13647002 UNIVERSITETSSJUKHUSET
(" varén con Diabetes Mellitus tipo h (" varén con Diabetes Mellitus tipo h = (" disorder |10|34| scmipA44054006 h
2y antecedentes de ICP de la m 2 y antecedentes de ICP de la "w:“"zﬂm procedure |53]56| scTip:415070008
L ACR ) L ACR ) \_anatomical structure |163]66| scTip:13647002 )
e . .
e " s N s . 5 N = N
i male with type 2 Diabetes male with type 2 Diabetes Entity, 25 disorder 110|34 | scnip44054006
Mellitus and a history of PCl of Mellitus and a history of PCl of procedure |52] 5| scTmip:415070008
Hospital n L the RCA ) L. the RCA ) \_2natomical structure |63| 66| scTiD:13647002 ) :' * ': Funded by
PCl = percutaneous coronary intervention S the European Union

RCA = right coronary artery



ﬁ.n Trustworthy Artificial Intelligence for Personalised g anguages

“. Risk Assessment in Chronic Heart Failure (Al4HF)

Development of: Natural language processing (NLP) pipeline to extract information
from the clinical reports, incl. risk factors, symptoms, family history & lifestyle,
professions, locations

Construction of: multi-lingual corpus to achieve semantic interoperability between the
data for English, Spanish, Dutch, Catalan and Czech

Use of seed languages (English & Spanish), followed by the application of NLP pipeline
that exploits multi-lingual controlled vocabularies & machine translation

Funded by
the European Union

Health care institutions

-

% UMC Utrecht

): Instituto Nacional
Cardiovascular

AN

FNUSA
ICRC

ST. ANNE’S UNIVERSITY HOSPITAL BRNO
INTERNATIONAL CLINICAL RESEARCH CENTER

Vall d'Hebron
Hospital

( Muhimbili University

% of Health and Allied
YyxZ?” Sciences

&




Al4ProfHealth: NLP for occupational

SCTID: 444168002

Ama de casa que
» | lleva un dia sin

International Multilingual Medical dormir
<&

(. Manually Labelled Data ﬂ \

Medical Documents

Terminologies Experts Housekeeper who hasn't
slept in a day
\ [ESCO, SNOMED-CT] J

use human knowledge v‘ to learn automatically

’ Automatic Detection
MEDDOPROF

5 . B ESCO: 2353
Ensena |ngles en INPUT OuTPUT Ensena ingles en
un edificio con un edificio con
amianto. )) )) amianto.

[They] teach English in a
building with asbestos.

[They] teach English in a
building with asbestos.

J

Unlabelled Medical Document Artificial Intelligence Systems Automatically Labelled Text

[occupation + code]
Use Cases

Mental Exposure to Exposure to
\;\Lc::rilc(izl:tze Health Hazardous Pathogens
Impact Substances (e.g. COVID-19)




Internal survey to

examine the main
content type used
by the community

Relevant

Content
Selection

é g S Based on the results,
a set of sources was
@ created for further
- ELENAIEN

J
Patent \

PubMed PubMed Clinical Trials FDA
Data Central Data Databases
©
~@® Selection criteria of essential parts from the extracted \
i document.

Harmonization Format, Metadata, Origin, Date, Content type, etc...

Create a global format keeping the FAIR principal,
ensuring the reusability and reproducibility of the data.

NLP and Data Analytics

N

o Biomaterial MeSH terms. Chemical -
Classification ’o related Hydrogel composition Ex.
' PEG,PLA,PGA,PEI
Journals W\ PJ:l polymers.
J
~N
. NER, Text A A ‘
Automat!c Annotation & Ontology F Viterative
Semar!tlc Relation & Entity Linking 51-5 drefinement
Annotation

extraction

J

Backend - Database

The Backend will be in
charge of feeding the
database and provide all
the data to be used by the

user.

Frontend Interfaces

The Frontend is the
interactive part of the
website. It is the tool the
end user will interact the
most by searching,
filtering, looking at
graphs, etc.

Meta use cases

1. Advanced unified semantic
search and information retrieval

- Search biomaterial abstract
based on chemical
compound.

- Filter results.

- Export results.

INTERFACE 1

(O] 2.Data curation. Manually
3.'. 5 validated, annotated and
curated information.

- Validated information of a
biomaterial.

- Chemical composition.

- Physical information.

- Toxicity, etc...

INTERFACE 2

3.knowledge discovery,
summarization, hypothesis
generation.

- ldentify patterns and trends
within the data.

- Summarizing a vast amount
of documents.

- Characteristics and
behaviour of biomaterials.

INTERFACE 3



Epidemiological vigilance: acute respiratory infections

BSC-NLP tools &

datasets NLP
>1500 case reports ( Training
( components
Artificial SARI (+) € w Szoé?pttid to t
SARI (-) Run initial models, rl-relevan
Vall _H,\LV correction & annotation, clinical text
¥ d'Hebron n re-training / fine-tuning
40 per hospital
\ more fine-tuning?
< more data?
450 records
'H'\LV fine-tuning
Transversal
training Normalized & validation study
450 records Structured data poom
model
vall . N Centro Nacional de Epidemiologia
°+ d’Hebron validation

Severe Acute Severe Acute Respiratory Infections (SARI): COVID, influenza, RSV



Rare diseases

BARITONE

2 languages

[

Boosting digital transltion in healthcare: integration of clinical data and Al
technologies for high accuracy phenotyping of complex diseases

Subproject 1

Variables and
phenotypes

[

Data annotation ]

Parc Tauli &

Institut d’Investigacio
i Innovacio I3PT

Y

Patient

reported
outcomes

Identify clinical
longitudinal phenotypic
patterns of ARADs

Define omics studies to
progress towards precision
medicine

Incorporate patient
reported outcomes to get
their status and health

condition

Clinical terminology
enrichment

Data extraction
and normalization

[ ARAD datalake
algorithms

Knowledge Graph ]

Analysis and
interpretation

[

Subproject 2

Barcelona
Supercomputing

Center

Centro Nacional de Supercomputacion

Develop advanced machine
learning annotation tools to
detect relevant entities for
ARAD

Generate Al tools to harmonise
content from medical records

Generate synthetic privacy-free

text data on ARADs to promote

@earch in this field

Synthetic data
for ARAD

]




Rare diseases UVEITIS

2 languages

Development and validation of machine learning prediction models of health-related outcomes in uveitis: a
multicentric project using electronic health record free text with state-of-the-art deep learning methods ‘ A

Grupos Clinicos: 10

Ingenieros: 1

Complejo Asistencial AUVEA ) Hospital Cll’.nico Universitario Asociacion Pacientes: 1
Universitario de Leén  deValladolid - I0BA
- HU Donostia
H Clinico San Carlos
HU 12 de Octubre _
HU Infanta Leonor M
HU Infanta Sofia e
S N
HU La Paz ~ - - H Vall d‘Hebron
Universidad Politécnica de Madrid - N e IR I _
f AL st HU Son Llatzer
N D Vet ¥ s
/ﬂl o I
L‘M\ (‘ )




Conclusions

Barcelona

Supercomputing

Center

Centro Nacional de Supercomputacion



Needs & Conclusions

Disease
Specialty )
Hospital Data structure Privacy issues
Record type variation &
Time period
...... Help to
train/evaluate
High quality
Exploitation of clinical data
results

Validation of .
usability Supporting
Validation of medical needs

@ Interoperability)

quality & impact

@ Barosions Training and benchmarking of

geel‘.’r‘nt)el\lzmonal de Supercomputacion la n g u a g e m Od e ls

* Synthetic data

* Anonymization/de-
identification

* Federated scenarios

* Processing in situ

High quality
clinical NLP
models

 Data harmonization
* Integration into data

model

e Standardization of

results
117
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SCSUETORTTEN] ORI TO ASTTERCR ) Jetizuen)
i Sorrion

(EUMAN) HUMAN [ENFERMEDAD) j OATE | . SINTOMA)
Mujer de 23 afios con antecedentes familiares de madre con Lupus Eritematoso Sistémico  (LES)  y hermana con celiaca, y de Sindrome de Kinsnbourne diagnosticado en el primer afio de vida, tratado hasta  los 8 afios con esteroides, ica, una i a  los 10 afios por dolor abdominal siendo
i S FECHAS)

(PROCEDIMIENTO)  [ENFERMEDAD) NEG)”  (ENFERMEDAD) P 3 DATE . - SINT DURATION
dicha laparotomia blanca y un aborto espontaneo en la 8o semana de gestacién. No alergias conocidas. No (tto) médico Acude al servicio de urgencias en Abril de 2015, por cuadro de i i i i cara, parpados y miembros inferiores durante los dos Gltimos meses. Asocia intensa astenia, mas acentuada en los Gltimos dias, cuando comienza con
sensacién de opresi6n torcica no iradiada y disnea de moderados esfuerzos. Referia cuadro de odinofagia 10 dias ~antes acompafiada de fiebre termometrada de 380C, siendo diagnosticada por su médico de familia de amigdalitis y tratada con ciprofloxacino sin mejorfa. En urgencias, se realiz6 radiograffa de térax apreciéndose un derrame pleural derecho y un aumento evidente de la silueta cardiaca confirmandose la

 ([ENFERMEDAD) PROCEDIMIENTO - SIN . _ [ENFERVEDAD) ~ [SINTOMA) ENFERMEDAD] (ENFERMEDAD  ENFERMEDAD) (ENFERMEDAD) _CWoWR o
presencia de derrame pericérdico mediante ecocardiografia. Se decidi6 derivar a nuestra unidad para estudio. Completando la anamnesis, la paciente negaba la presencia de otros sintomas o sintomas de patologia sistémica: sequedad,  artritis, lesiones dérmicas, uveitis, lesiones aftosas, etc... Si presentaba "sensaci6n de retortijén” diariamente post-ingesta acompaiado de
E5) _
4-5 deposiciones de consistencia normal y sin productos patologicos. Pérdida ponderal de unos 10 kg durante los Gltimos afios de forma i
(SINTOMA) . o
N RVABL NTIDAD-OBSERVABLE N VAS ENTIDAD-OBSERVABLE) (SINTOMA CNTOMA) (EINTOMA]  (SINTOMA) (SINTOMA) N ~ -
97/72 mmHg, FC 67 Ipm, afebril, Spo2 95% basal con FR normal; buen aspecto general, consciente, orientada y colaboradora, eupneica en reposo, sin signos de bajo gasto, no ingurgitacion yugular. No presentaba edema palpebral ni facial. Ausencia de i axilares ni inguinales; no
(PROCEDIMIENTO) [ ]
Los resultados de las pruebas complementarias solicitadas inicialmente fueron los siguientes:
S
-

— Hemograma: series blanca, roja y plaquetaria normales, coagulacién y VSG normal. [ ]

(ENTIDAD-OBSERVABLE) ENTIDAD-OBSERVABLE) [ENTIDAD-OBSERVABLE) ENTIDAD-OBSERVABLE) [ENTIDAD-OBSERVABLE] ENTIDAD-OBSERVABLE] ENTIDAD-OBSERVABLE] [ENTIDAD-OBSERVABLE) (ENTIDAD-OBSERVABLE) ENTIDAD-OBSERVABLE)
— Bioguimica con  funcién renal, 4cido drico, funcién hepatica, amilasa, calcio, fésforo, factor reumatoide, hormonas tiroideas, perfil ferrocinético, cortisol basal, lipidos, albamina, proteinas totales y PCR normales.
— NTpBNP 288.4 pg/ml, TTu 6 ng/l;
(PROCEDIMIENTO)

— Sedimento y bioquimica de orina: normales.
— Inmunoglobulinas y complemento normales.

[ENTIDAD-OBSERVABIE) ENTIDAD-OBSERVABLE) (1
— Autoinmunidad: ANA positivo a titulo 1/320 con patr6n moteado; ENAS y Ac antifosfolipidos negativos. Test de coombs directo negativo.

VIH, hemoculivos, Mantoux y testdelgra negativos.

— Microbiologia: Serologias para VHB, VHC,

—  TAC toraco-abdominal: poliserositis con afectacion pleural, pericardica y presencia de iiquido libre peritoneal asociada a adenopatias axiales, inguinales y i a valorar i
_ _ tEe
— derrame de posterior moderad sin signos de
DIAGNOSTICO
e = [CSINTOMA ]

[ES) (PROCEDIMIENTD) ERteD)

Se determinaron los niveles de C1q cuyos valores se encontraban dentro de la normalidad con una actividad del 110% descartandose el Angioedema Hereditario. Asimismo, se solcito un estudio genético para FMF en el que se informa de la presencia de la mutacion del gen MEFV (variante p, Glu148Gin), lo que confirma el diagnéstico de ésta entidad. Ante los antecedentes de celiaquia y alteracion en el habito intestinal, se
mE9
Ac y i que fueron negativos y estudio genético que fue positivo para el HLADQ2.
TRATAMIENTO Y EVOLUCION
o B SINTONA)
e w oo mmeny _my o mmw i ) _mm )
Desde el ingreso, se inici6 terapia con omepr ina 200 mg cada 24 horas ante la sospechade ~ LES.  La paciente presentd buena evolucion clinica con desaparicion de los sintomas cardiorrespiratorios y permaneciendo afebril sin presentar complicaciones durante el ingreso. Finalmente, se suspendi6 todo el tto dejando dnicamente colchicina tras recibir los resultados del
N L NEC

test genético para FMF en el que se observé la citada mutacién en el gen MEFV; en las sucesivas revisiones, la paciente refiere encontrarse asintomatica.

Supervumpu
Center
Centro Nacional de Supercomputacién
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Clinical NLP processing of COVID patient records

COVID Clinical VARIABLES (Hospital Clinic)

DATA: Clinical records:
Discharge summaries (3308)
Clinical course (4538)
Radiology reports (3676)
Death reports (13)
Transfer reports

Extra data: clinical cases ]—

(" )

NER improvement:
1. Use case-specific post-
processing modules.

2. Testing of embedding
combinations.

3. Testing of self-attention
layers

- J

s N
Mapping improvement:
Analysis of W4Kit SVM-based
results &

Testing embedding-based

CLiNIC

BARCELONA

Hospital Universitari

\_entity grounding techmques)

Barcelona

Center

Supercomputing

GOAL - - — .
Detection of signs Type of clinical concepts of Covid-19, number, and possibility of mapping to SNOMED CT/ICD-10
’ . . . . . . .
diseases, symptoms & Clinical Symptoms | Signs Eesplr:tory EenalCl gardlc;vascull)ar States | Context | Complications
procedures COVID reports concept rocedure rocedure rocedure (P)
Number 13 17 17 5 8 5 7 15
e \ SNOMED/ICD | yes Yes Yes Yes Yes Yes No Yes
APPROACH
Pre-trained Al clinical concept 45.560 h s ~
i i Detection of 45.
o ekl LI dlinical terms & maooin ANNOTATED DATA (corpus) GENERATION PROTOCOL
L CRF), fuzzy normalization ) - pping 1. Automatic document annotation (pre-annotated entities)
to COVID VARIABLES . . . . .
¢ Hosbital Clinic 2. Training, guidance of medical expert annotators (incl. quality control)
p < 3. Data annotation: revision/correction of the automatic labels by experts
RESULT N 4. Mapping of concepts to COVID clinical VARIABLES (Snomed CT, interoperability)
75% of clinical variables are Data generation protocol _| 5. Retraining of Al system - learns from added clinical expert correction
covered by baseline system for Al system refinement 6. Escalation of annotation - Iterations (~8) of annotation samples until good
’ automatic results (repeat steps 2, 3, 4 and 5 in every iteration)
CURRENT STATUS _[ - O ~
Adaptation of Guidelines ] .
Improving first results Iteratlve AI (deep
annotating more data ( Entity Pre-annotated | Post-revision H
Selection & preparation Iearnlng mOdeIS)
of annotation bunches Di 55 75 . . .
\ refinement: “tag a little
CURRENT STATUS T o p . . ”
rocequre
Improving first results through Annotation of samples > traln d Ilttle
systems modifications
Symptom 78 107
FINAL RESULTS - - Record #01 Terms extracted from clinical
"El paciente tiene EI paciente tiene - . reports (w/o clinical courses)
Structured Health Records withCOVID | 5| fiebre, no disnea, fiebre, no disnea, Affimed | Negated | Uncertain symptoms | 9,972
Clinical VARIABLES Hospital Clinic Example sospecha de sospecha d:e —> _ :
COVID-19" COVID-19 fever | dyspnea |COVID-19 diseases 12,911
g y - procedures | 8,021
[SINTOMA) (SINTOMA] [SINTOMA] medication | 5,053
Frotis positivo para covid-19 , sin clinica (niega fiebre, tos, disnea 124
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®

Negation and Uncertainty

Approach

Trained Al models with existing corpora in Spanish (NUBes, Lima Lépez et al., 2020) and used them
to detect negations and speculations in HC’s EHRSs.

Depending on file and specialty, up to 25 negations and 10 speculations in a single file.

Next step: manual refinement of results to tune models (new Gold Standard).

\4

Annotation of data to improve NER models in collaboration with linguists from WA4Kit (in process)

lterative improvement of the models/creation of new ones.

-,RELACION -/—RELACION

Frotis positivo para covid-19 , Sin clinica (hiega fieb}e, tos, disnea o contactos epidemiologibos)

RELACION

vt WOIW presenta forma de banda lo que indicaria cierto grado de neumonia organizativa.

Center
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NLP pipeline development overview: stages

Stage 1 Stage 2 Stage 3
Fine-tuned Fine-tuned language In-house fine-tuned
language model model with clinical data language model
Towards a Hespitai-Specific Model.
F 8 ﬁ F g j
> o |@I o > o |@| o
Re-train Re-train
Evaluate Evaluate
Initial model to extract Model adapted to work Model adapted to work
cardiology-related better with in-house better with in-house
information hospital data hospital data
Trained with public data Trained with synthetic data Trained with private data

More general More specific
models models

Less privacy More privacy
concerns concerns

126



DisTEMIST: ENFERMEDAD label

ENFERMEDAD (disease) includes clinical conditions that affect the normal
functioning of the body and that have a certain extension in time.

ENFERMEDAD
1| Paciente de 70 afios de edad, minero jubilado, sin alergias medicamentosas conocidas, que presenta como antecedentes personales: accidente
ENFERMEDAD ENFERMEDAD
laboral antiguo con fracturas vertebrales y costales; intervenido de enfermedad de Dupuytren en mano derecha y by-pass iliofemoral izquierdo;
ENFERMEDAD ENFERMEDAD |[ENFERMEDAD|  [ENFERMEDAD|  [ENFERMEDAD |
Diabetes Mellitus tipo Il, hipercolesterolemia e hiperuricemia; enolismo activo, fumador de 20 cigarrillos / dia.
ENFERMEDAD

2| Es derivado desde Atencidn Primaria por presentar hematuria macroscépica postmiccional en una ocasién y microhematuria persistente

posteriormente, con micciones normales.

Barcelona

Supercomputing

Center

Centro Nacional de Supercomputacién



SympTEMIST: SINTOMA label

SINTOMA (symptom) includes subjective and objective manifestations of clinical
conditions (symptoms and signs), as well as qualitative descriptions of
procedures’ results.

R U W 69

—

2| La exploracion fisica revela: T2 40,2 C; T.A: 109/68 mmHg; Fc: 105 Ipm. Se encuentra consciente, orienta&B, sudoros?;, eupneico, con

[SINT] [SINT]

buen estado de nutricién e hidratacién. En cabeza y cuello no se palpan adenopatias, ni bocio ni ingurgitacién de vena yugular, con

[SINT [SINT| El B EN

ey

pulsos carotideos simétricos. Auscultacién cardiaca ritmica, sin soplos, roces ni extratonos. Auscultaciéon pulmonar con

[SINT] [SINT] El E0

-

— rm—
conservacion del murmullo vesicular. Abdomen blando, depresible, sin masas ni megalias. En la exploracion neurolégica no se detectan

[SINT] [SINT] [SINT]

signos meningeos ni datos de focalidad. Extremidades sin varices ni edemas. Pulsos periféricos presentes y simétricos. En la exploracion urolégica

[SINT] [SINT]

se aprecia el teste derecho aumentado de tamafio, no adherido a piel, con zonas de fluctuacién e intensamente doloroso a la palpacién, con

‘ SINT ’ SINT
pérdida del limite epididimo-testicular y transiluminacion positiva.



ProcTEMIST: PROCEDIMIENTO label

PROCEDIMIENTO (procedure) includes actions or interventions performed by
health professionals in order to diagnose or treat diseases and health problems.

PROC
2| En la exploracion abdominal se palpé una tumoracioén dura en hipocondrio izquierdo que llegaba hasta el mesogastrio y fosa iliaca izquierda. Los

PROC PROC PROC PROC PROC
estudios imagenolégicos realizados fueron: ultrasonido abdominal, radiografia de térax, urograma descendente y tomografia axial computarizada.

PROC PROC
3| En la radiografia de térax no se detectaron metastasis. Los hallazgos obtenidos en los demés estudios imagenolégicos indicaron la presencia de una
extensa masa bien delimitada, de contornos regulares y con sefiales heterogéneas sugerentes de areas hemorragicas y necréticas. Habia
desplazamiento de las estructuras vecinas con infiltraciéon. No se demostroé infiltracion del higado ni la vena cava inferior. El tratamiento consistié en

PROC
la cirugia de exéresis por via toraco-abdominal con clampaje de la aorta toracica para el control de la hemorragia transoperatoria. Se realiz6 ademas

PROC PROC PROC
de la reseccién del tumor nefrectomia izquierda y esplenectomia en bloque con paquetes de adenopatias hiliares.
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DrugTEMIST: FARMACO label

FARMACO (drug) includes specific products, compounds or substances with a
defined molecular composition and a therapeutic purpose.
1|* MEDICACION EN SALA

2| - Amoxicilina/clavulanico 875/125 mg/8h hasta 29/09 incluido

- Hidroxicloroquina 200mg/12h hasta 1/10 incluido

w

FARMACO

e —

4|- Prednisona en pauta descendiente (26/09 a 28/09 30mg/24h, 29/09 a 1/10 20mg/24h, 2/10 a 4/10 10mg/24h y 5/10 STOP.

FARMACO

e €

5| - Enoxaparina 100mg/24h

——

6|- S 100mg/24h

FARMACO

e ——

7| - Atorvastatina 40mg/24h

Ba FARMACO
1 ey
@ Su 3| - Salbumatol 2INH/6h si precisa
Centro Nacional de Supercomputacién




SPACCC: ENTIDAD_OBSERVABLE label

ENTIDAD_OBSERVABLE (observable entity) includes mentions of specific aspects
assessed as part of exploratory and laboratory procedures.

[ENTIDAD_OBSERVABLE| [ENTIDAD_OBSERVABLE | [ENTIDAD_OBSERVABLE | [ENTIDAD_OBSERVABLE |
3| Al'ingreso al servicio de urgencias se encuentra con presion arterial (TA): 130/80, frecuencia cardiaca (FC): 80
[ENTIDAD_OBSERVABLE| [ENTIDAD_OBSERVABLE | [ENTIDAD_OBSERVABLE |
pulsaciones por minuto, frecuencia respiratoria (FR): 18 respiraciones por minuto, temperatura (T): 38.7 grados centigrados
[ENTIDAD_OBSERVABLE [ENTIDAD_OBSERVABLE [ENTIDAD_OBSERVABLE]/
(D-dimero mayor a 20.000ng/ml, trombocitopenia maxima de 47.000/l y tiempo de protrombina maximo de 1,58 ratio), fracaso renal
[ENTIDAD_OBSERVABLE [ENTIDAD_OBSERVABLE| [ENTIDAD_OBSERVABLE |
agudo con cifras de creatinina de hasta 2,33mg/dl y elevacion de la lactato deshidrogenasa (LDH) con valores maximos de

Barcelona
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LivingNER: SPECIES label

SPECIES (species) includes living beings with the exception of humans. It covers
mostly pathogens, as well as animals and food.

m SPECIES SPECIES SPECIES SPECIES SPECIES
P ————
si bien, las infecciones fungicas producidas por Aspergillus, Histoplasma, Criptococo y Pneumocystis jirovecii, entre otras, y algunas bacterianas
SPECIES SPECIES SPECIES SPECIES
S— P e ie——

como Legionella y Neumococo, u otras menos comunes, como Listeria o Nocardia también deberian formar parte del diagnéstico diferencial. De

. s

entre las infecciones viricas que se manifiestan con frecuencia en forma de neumonia en este tipo de pacientes, habria que considerar adenovirus,

SPECIES SPECIES SPECIES SPECIES SPECIES SPECIES
p— - - p— P ——— pR—
influenza (A y B) y parainfluenza, virus respiratorio sincitial (VRS) y citomegalovirus (CMV). La tuberculosis pulmonar es probablemente la
infeccién respiratoria cuya asociacidon mas se ha estudiado en pacientes tratados con antiTNF-a. Estudios recientes mostraron que Espafia y

Barcelona
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LivingNER: HUMAN label

HUMAN (human) includes mentions of human beings, including family members,
occupations and more.

———— e — Y i S i S e S s —

P e—

7| A la entrevista dirigida, la paciente nos refiere historia familiar materna de diabetes (bisabuela, abuela y hermana de madre) todas ellas tratadas

con antidiabéticos orales. Existencia de varones en dicha rama familiar de multiples quistes, sin haber sido sometidos a estudio, localizados en

o]

cabeza y cuello y sindrome de ovario poliquistico en hermana materna. No antecedente de enfermedad cardiovascular por rama paterna.
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CANTEMIST: MORFOLOGIA_NEOPLASIA label

MORFOLOGIA_NEOPLASIA (neoplasms morphology) includes mentions of
neoplasms, tumours and similar growths.

[MORFOLOGIA_NEOPLASIA| [MORFOLOGIA NEOPLASIA|
——— ———
13| - Carcinoma indiferenciado de pulmén T4ANOM1b (Unica lesion cerebral de 2.5cm) proponiéndose tratamiento RT holocreneal, seguido de QT

de induccidn, posteriormente QT/RT con intencion radical y finalmente radiocirugia

[MORFOLOGIA_NEOPLASIA| [MORFOLOGIA_NEOPLASIA | [MORFOLOGIA_ NEOPLASIA|
——— — P
14| - Carcinoma indiferenciado de pulmén T4ANOM1b  (lesién cerebral, metastasis suprarrenal) proponiendose RT holocraneal, reseccion

por laparoscopia en las localizaciones que capta el PET-TAC y finalmente QT paliativa Dadas las dos posibilidades se solicita PET-TAC donde se
describe nédulo hipermetabdlico de 31mm ( SUV 4.3) en fosa renal izquierda, adyacente a cambios postquirdrgicos y proximo a la glandula

[MORFOLOGIA NEOPLASIA | [MORFOLOGIA NEOPLASIA |
suprarrenal homolateral, igualmente con infiltracion maligna (probable recidiva local vs adenopatia), asi como implante

[MORFOLOGIA_NEOPLASIA|
en grasa perihepatica sugestivo de diseminacion  oligometastasica.

[MORFOLOGIA_NEOPLASIA| [MORFOLOGIA_NEOPLASIA] [MORFOLOGIA_NEOPLASIA |
— R . , . - - - = , . i
15| Ante la sospecha de 2 tumores sincrénicos: Carcinoma indiferenciado de pulmén y recidiva local de neoplasia renal, se
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PharmaCoNER: NORMALIZABLE/NO_NORMALIZABLE label

NORMALIZABLE/NO_NORMALIZABLE includes mentions of chemical
substances, divided by whether they could be normalized to SNOMED CT or not.

NORMALIZABLES
Con la sospecha diagnoéstica de rotura no traumatica de un feocromocitoma pre-existente, se determinaron metanefrinas plasmaticas, que fueron

NORMALIZABLES NORMALIZABLES

normales, y catecolaminas y metanefrinas urinarias. En la orina de 24 horas del dia siguiente al ingreso se obtuvieron los siguientes resultados:

w

adrenalina: 65,1 mcg (valores normales -VN: 1,7-22,5), noradrenalina: 151,1 mcg (VN: 12,1-85,5), metanefrina: 853,5 mcg (VN: 74-297) y

NORMALIZABLES

normetanefrina: 1396,6 mcg (VN: 105-354). A los 10 dias, todavia ingresado el paciente, las cifras urinarias se habian normalizado por completo de
modo espontaneo.

1| Se trata de un paciente masculino de 70 afios, quien ingresé en el servicio de urgencias del Hospital Pablo Tobén Uribe, con cuadro de
aproximadamente una hora de evolucion consistente en opresion toracica, malestar general, astenia y diaforesis; que iniciaron después de haber

NORMALIZABLES NORMALIZABLES

ingerido 100 mg de sildenafil, niega ingesta de otro estimulante sexual o cocaina y sin relacién sexual después de su consumo. El
paciente como Unico antecedente clinico sufria de hipertension arterial, controlada farmacol6gicamente y niega episodios previos de angina o

NORMALIZABLES
| | consumo de nitratos. El examen clinico y sus signos vitales eran normales; sin embargo, después de la valoracion inicial presenta paro




PharmaCoNER: PROTEINAS label

PROTEINAS (proteins) includes mentions of proteins and genes,

PROTEINAS
PROTEINAS PROTEINAS|  PROTEINAS PROTEINAS PROTEINAS | PROTEINAS | PROTEINAS
(positividad para vicentina, focalmente para CK22 vy AEI-AE3 y S-100, siendo negativo para PLAP, CD30, CD117,

PROTEINAS | PROTEINAS PROTEINAS

CD45, CD20 vy cromogramina). Pleomorfismo nuclear, actividad mitética, focos de necrosis, sin observarse embolizacién vascular. La

PROTEINAS PROTEINAS PROTEINAS| PROTEINAS
5| El andlisis sanguineo muestra valores dentro de la normalidad para alfa-feto proteina, HCG y LDH (HCG: 1,74 U/,

PROTEINAS PROTEINAS
Alfa-feto proteina: 2.07 ng/mi; LDH: 299 mU/ml).
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MEDDOPLACE: GPE_GEN/GPE_NOM label

GPE includes mentions of named (NOM) and generic (GEN) geo-political entities
such as countries, cities or continents.

6PE_NoM [MV]] EPEN MV
El paciente habia viajado a Italia el dia -9 para asistir a un partido de rugby en Roma; luego, habia viajado con su pareja y dos amigos

porla Lombardia, el  Véneto yla Toscana, desplazandose en un coche de alquiler y haciendo estancia en casas privadas de alquiler,

p—

antes de regresara  Escocia desde Milan el dia -2.

La madre no tenia fiebre ni tos, y no convivian con otros miembros de la familia.

PR — PENL—  (EpEm————

El barrio de la familia del paciente se halla a unos 15 km del mercado mayorista de marisco de  Huanan, en Wuhan, y no constan
antecedentes familiares de contactos con dicho mercado.

Sin embargo, a 5 personas del vecindario en que reside el paciente se les habia diagnosticado COVID-19.

El nifio naci6 a término y el primer dia se le administré la vacuna antituberculosa (BCG).

Supercomputing
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MEDDOPLACE: GEO_GEN/GEO_NOM label

GEO includes mentions of named (NOM) and generic (GEN) geographical
accidents and habitats such as mountains, seas and areas with specific
characteristics.

S —

1| Se trata de un joven de 20 afios de edad, que se encontraba en las aguas de la bTaya Red Frb_g de Isla Bastimentos.

Los testigos observaron que el joven se encontraba en el mar y "pidié ayuda", se sumergioé y volvié a salir a unos 15 metros de donde se habia
sumergido y no lo volvieron a ver.

N

4| Sin embargo, se considerd poco probable que el caso correspondiera a rabia dado el antecedente de la zona epidemiolégica de la exposicion

(iona urbana de Floridablanca) y el tiempo transcurrido desde la mordedura por el murciélago.

EEO GEN [RSi

2| Teniendo en cuenta que el paciente procedia de un area endémica de enfermedad de Chagas, se realizaron pruebas seroldgicas para detectar

anticuerpos circulantes contra Trypanosoma cruzi: ambas resultaron positivas (ELISA 8 e inmunofluorescencia >1/160), lo que confirmé el
diagnéstico de infeccién crénica por dicho parésito.

vadianrnvafia AAa AlhdAnaAn AniA AAacaaviAavran AfaatAaAilAn nAantrAaintAantinal



MEDDOPLACE: FAC_GEN/FAC_NOM label

FAC includes mentions of named (NOM) and generic (GEN) human-made
facilities such as hospitals, schools, airports, supermarkets and more.

FAC_NOM [AT]
72| En diciembre de 2014 firma el consentimiento informado para preseleccién dentro del ensayo clinico EDI1001 del hospital Virgen del Rocio, al que
finalmente no es candidato.

[FAC_NOM [AT] FAC_NOM [AT]
1| Nifia de tres afios de edad, que acude a la Facultad de Odontologia de la Universidad de Sevilla remitida por el

|FAC_NOM[AT]/
Hospital General Juan Ramén Jiménez de Huelva.

FAC_GEN [AT]
3| Se le informa de la no disponibilidad de la vacuna en el centro de salud, ya que no es una vacunacién presente en el calendario vigente de
FAC_GEN [AT]
inmunizaciones de la Comunidad de Madrid, asi como de la posibilidad de asistir al Centro de Vacunacién Internacional.
FAC_GEN

4| En la anamnesis cabe destacar el antecedente de que ambas habian acudido el fin de semana anterior a un balneario y se bafiaron también en una

FAC_GEN FAC_GEN FAC_GEN

piscina de pequefio tamafio en el jardin de la vivienda.




MEDDOPLACE: DEPARTAMENTO label

DEPARTAMENTO (department) includes mentions of clinical departments and
locations within a hospital or healthcare facility.

DEPARTAMENTO

12| El lactante se hospitalizé en la unidad de cuidados intensivos neonatales por microcefalia y frente amplia.

DEPARTAMENTO

13| Posteriormente, el paciente se remitié a la consulta externa de dismorfologia, a la cual llegé con 2 meses de edad y los siguientes hallazgos

12

14

[\

7 [DEPARTAMENTO| )
Obesidad mérbida (110 kg) en seguimiento por Endocrinologia Pediatrica.

|DEPARTAMENTO|

3| Sindrome de Apnea Obstructiva de Suefio en seguimiento por Neumologia Pediatrica.

|DEPARTAMENTO|
Seguimiento rutinario por Neurologia Pediatrica.

3| En planta previo a quiréfano, el paciente no presenta antecedentes personales de interés salvo apendicectomia, no fumador, no toma ninguna

medicacion.
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MEDDOPLACE: COMUNIDAD label

COMUNIDAD (community) includes mentions of nationalities, religions and
ethnicities.

1| Mujer Colombiana de 65 afios que presenta sintomatologia de 1 afio y 9 meses de dolor episédico tipo punzada localizado en hipocondrio y flanco

[COMUNIDAD | [COMUNIDAD| |[COMUNIDAD | |[COMUNIDAD| |[COMUNIDAD|
Afecta a poblaciones de origen italiano, griego, espafol, arabe y  judio.

o1
[ e
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MEDDOPLACE: IDIOMA label

IDIOMA (language) includes mentions of languages and language barriers.

10| Las dificultades de manejo y los problemas de expresion del paciente en lengua espafiola motivaron la intervencion del trabajador social

1| Mujer haitiana de 29 afos, de raza negra, con el antecedente de una ACF, pero de conocimiento en Chile solo desde el 2017 por

limitaciones de idioma.
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MEDDOPLACE: TRANSPORTE label

TRANSPORTE (transportation) includes mentions of patient movement and
methods of transportation.

[TPT).

4| Viajes frecuentes a EEUU.

5| Vacaciones sur california 3 semanas e Israel.

10| Enfermedad actual: refiere dolor pleuritico y expectoracion hemoptoica dese hace 2 dias, tras viaje transoceanico.

Paciente 23 afios que sufre accidente de trafico al chocar su motocicleta contra una furgoneta.

[

9| Tias maternas en tratamiento psiquiatrico, presentando temblor en extremidades, una de ellas en silla de ruedas.

ST T VGV G S DURIST LT RAGIIUT |




MEDDOPROF: PROFESION label

PROFESION (profession) includes mentions of occupations, including job titles
and job descriptions.

15| Informe clinico del paciente: Vardn de 26 afios de edad deportista profesional (jugador de futbol) sin otros antecedentes personales de interés para el
caso que nos ocupa. Sufre una caida durante la practica deportiva desde su propia altura, apoyando la mufieca izquierda y produciéndose una
hiperextension de ésta. A consecuencia del trauma presenta dolor, deformidad e impotencia funcional, con exploracién neurovascular distal normal.

PROFESION
1| Una mujer de 27 afios sin antecedentes, residente del hospital, presentd odinofagia seguida de artralgia difusa y una erupcién de placas
PROFESION
——
eritematosas pruriginosas extendidas, con una afectacion basicamente facial y acra. El diagnéstico de urticaria fue confirmado por un dermatélogo.
PROFESION
1| Paciente de 27 afios, sexo masculino, operario de la industria quimica, que consulta por dermatitis de un afio de evolucién. Refiere que sus sintomas

PROFESION

cutaneos comenzaron a los cuatro meses de su ingreso a una fabrica de sales de cromo, a los que agrega episodios de rinitis serosa y lagrimeo

=
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De-identified health records in Spanish and Catalan for medical \
entity recognition and anonymization

Anonymized clinical

Record types ~N

reports corpus 2.000 Radiol Disch Transf
7™z Radiology ischarge ransfer
o documents reports @ reports @ reports
Anonymization
Guidelines for manual

protocol ﬁ Death @ Progress
reports notes
anonymization Annotation layer m
28 PHI entities

Guidelines for clinical Date. age. gender, patient Kidney Cardiovascular Respiratory
failure diseases diseases

.

entities annotation family members, hospital
name, health professional,
country, occupation..

Pre-trained o) Mali nancies Immuno- COVID
L 6 Clinical entities NE g i e -19
anonymization model o o suppression %} )
Diseases —
Pre-trained clinical Procedures (IR Statistics ~N
annotation models _specie M Humans J Tokens Sentences PHI entities Clinical entities DOC- languages
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Anotaciones relevantes para PLN clinico: cTakes

The patient underwent a CT scan in April which did not reveal lesions in his liver.

Boundary Detection

Tokenization

Normalization

Part-of-speech Tagger

The patient underwent a CT scan in April which did not reveal lesions in his liver.
The patient underwen a CT scan in April which did

t
- undergo - - - - - - do - - lesion

not reveal lesions in his liver .

DT NN VBD DT NN NN IN NNP WDT VBD RB VB NNS IN PRP$ NN
CT scan Lesion Liver ed\g’a
Entity Recognition Procedure Disease / Disorder Anatomy B’\Om e
UMLS ID: C0040405 UMLS ID: C0022198 UMLS ID: C0023884 E(\d‘\)
Chunking ‘ NP VP NP PP NP VP NP
Constituency Parsing ( S NP DT NN VP ...
Dependency Parsing
. SRL undergo.01 ( A1.patient; A2.scan; AM-TEMP.in )
reveal.01 ( AO.scan; R-A0.which; AM-NEG.not; A1.lesions; AM-LOC.in)
CT scan Lesion Liver
Entity Properties Negated: no Negated: yes Negated: no
Subject: patient Subject: patient = d-\ca\
. e
UMLS Relation locationOf ( lesions, liver ) B\Omd Vse
Event, Temp. Expr. CT scan April Reveal Lesions en
Temporal Relation April CONTAINS CT scan CT scan CONTAINS lesions

identity ( the patient, his )
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Clinical text pre-processing: sectionizer

DIAGNOSTICOS
1. ICTUS PACI EN TERRITORIO DE ARTERIA CEREBRAL MEDIA DERECHA. .
2. ESTENOSIS CAROTIDEA DERECHA NO SIGNIFICATIVA. 3. ICTUS LACUNAR CRONICO. ENFERMEDAD DE PEQUERNOQ VASO CEREBRAL
4. HIPERTENSION ARTERIAL
5. DIABETES MELLITUS TIPO 2
6. VASCULOPATIA PERIFERICA
S EEOE
8. OMALGIA IZQUIERDA
Paciente de 74 afos, rankin 0, sin AMC, extabaquismo (>60pag/afio), ex-enolismo.|

IANTECEDENTES

- DM tipo 2 en tratameinto con antidiabéticos orales. Hb Alc 6,1 en enero 2016

- HTA en tratamiento médico.

- EPOC en tratamiento broncodilatador.

- Hiperuricemia.

- Ingreso en Ml en 2013 por monoartritis de rodilla inflamatoria con cultivos negatiuvos y sindrome diarreico con aislamiento
- Hemicolectomia D por adenoma tubular con displasia de alto grado en 2011. Ulcus péptico diagnosticado por fibrogastrosc
epigastralgia

- Hernia discal

- Aneurisma de aorta infrarrenal (TAC control 2015. Estabilidad del aneurisma adrtico infrarrenal de 31 mm (didmetro AP - col
Vasculopatia periférica: claudicacion intermitente.

- Ateromatosis Carotidea Bilateral : Eco TSA (marzo 2016): eje dereco: placa homogenea y regular en bulbo e inicio de Cl 30-
heterogenea, irregular en bulbo e inicio de Cly CE 50- 69%.

- Vertigo periférico de larga evolucién.

Medicacién: Adiro 100mg, Alopurinol 300 mg/24 h, Rilast Forte 1/24 h, Singulair 10 mg /24 h, Atrovent, Tramadol 50 mg, 1-1-0
40/10(olmesartan/antagonista del calcio) 1 comp/24 h, Hidroclorotiazida 50 mg/24 h, Diamicron 30 mg 2 -0-0, Metformina 1-0-1, Orfidal 0-0-
Tamsulosina 0.4.

T e
Type Set|Start End Id
Diagnoésticos 18 23/7612 {nombre=ictus}
Diagnosticos 132 137/7613 {nombre=ictus}
Barcelo/ANtecedentes 406| 4087616 {nombre=diabetes}
SuponxlAntecedentes 486/ 489|7617 {nombre=hipertension}
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