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Abstract

Background: Biomedical natural language processing tasks are best performed with English models, and trandlation tools have
undergone major improvements. On the other hand, building annotated biomedical datasets remains a challenge.

Objective: The objective of our study is to determine whether using English tools to extract and normalize French medical
concepts on trand ations provides comparable performance to French models trained on a set of annotated French clinical notes.

M ethods: We compare two methods. a method involving French language models and a method involving English language
models. For the native French method, the Named Entity Recognition (NER) and normalization steps are performed separately.
For the trandated English method, after the first trandlation step, we compare a two-step method and a terminology- oriented
method that performs extraction and normalization at the same time. We used French, English and bilingual annotated datasets to
evaluate all steps (NER, normalization and trandation) of our algorithms.

Results: The native French method performs better than the translated English one with a global f1 score of 0.51 [0.47;0.55]
against 0.39 [0.34;0.44] and 0.38 [0.36;0.40] for the two English methods tested.

Conclusions: Despite the recent improvement of the trandation models, there is a significant performance difference between
the two approaches in favor of the native French method which is more efficient on French medica texts, even with few
annotated documents.
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Abstract

Background: Biomedical natural language processing tasks are best performed with English models,

and translation tools have undergone major improvements. On the other hand, building annotated
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biomedical datasets remains a challenge.
Objective: The aim of our study is to determine whether the use of English tools to extract and
normalize French medical concepts on translations provides comparable performance to that of
French models trained on a set of annotated French clinical notes.
Methods: We compare two methods: one involving French-language models and one involving
English-language models. For the native French method, the Named Entity Recognition (NER) and
normalization steps are performed separately. For the translated English method, after the first
translation step, we compare a two-step method and a terminology-oriented method that performs
extraction and normalization at the same time. We used French, English and bilingual annotated
datasets to evaluate all stages (NER, normalization and translation) of our algorithms.
Results: The native French method outperformed the translated English method, with an overall f1
score of 0.51 [0.47;0.55], compared with 0.39 [0.34;0.44] and 0.38 [0.36;0.40] for the two English
methods tested.
Conclusion: Despite recent improvements in translation models, there is a significant difference in
performance between the two approaches in favor of the native French method, which is more

effective on French medical texts, even with few annotated documents.

Keywords: Concept normalization, Named entity recognition, Natural language processing,

Translation
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1. Introduction

Named entity recognition (NER) and term normalization are important steps in
biomedical natural language processing (NLP). Named entity recognition is used to extract
key information from textual medical reports, and normalization consists in matching a
specific term to its formal reference in a shared terminology such as the UMLS
metathesaurus [1]. Major improvements have been made recently in these areas, particularly
for English, as a huge amount of data is available in the literature and resources. Modern
automatic language processing relies heavily on pre-trained language models, which enable
efficient semantic representation of texts. The development of algorithms such as

transformers [2, 3] has led to significant progress in this field.
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Translation
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(French) Syndrome de Wolff; Wolff
Parkinson-White epuis I'age de 17 ans avec tentative[dablation par radiorequencelen 2013 | [Parkinson-Whitelsince age 17 with attempted n 2013
mais échec. but failed.
[Hépatile médicamenteuse]sous [Drug-induced hepatitis|on
‘_Lupus erythemateux systémique‘r Systemic lupus erythematosus.
Mention-level [ N\ \ v v ¥ v v
semantic group DISO DISO CHEM PROC DISO DISO CHEM PROC
labels J' l
: L
ion- Epilepsies, Lupus Acebutolol  Radiofrequency Albation Epilepsies, e Acebutolol Radiofrequency
Meniinn-lovel pP - / Erythematosus, i Partial Erythematosus, Albation
cul artial - Systemi
: Systemic ystemic
Mapping | cul: coo14544  CUI: C0024141 CUI: C0000946 CUI: C0850292 CUI: C0014544  CUI: C0024141 CUI: C0000946 CUI: C0850292
Document-level DISO : C0014544, C0024 141, ... DISO : C0014544, C0024141, ...
Cul CHEM: C0000946, ... CHEM: C0000946, ...
aggregation PROC: C0850292 PROC: C0850292

Figure 1: Overall objective of the method: from plain text to the CUI codes of the UMLS
metathesaurus, document by document. The term "mention level" indicates that the analysis is
carried out at the level of a word or small group of words: first, the NER stage (in blue), then
normalization (in green), finally all mentions with normalized CUIs are aggregated at “document
level” (orange part). The sets of aggregated CUIs per document predicted by the native French

and translated English approaches are then compared to the manually annotated gold standard.

In many languages other than English, efforts remain to be made to obtain such interesting
results, notably due to a much smaller quantity of accessible data [4].

In this context, our work explores the question of the relevance of a translation step for the
recognition and normalization of medical concepts in French biomedical documents. We
compare two methods: 1) a native French approach where only annotated documents and
resources in French are used, and 2) a translation-based approach where documents are translated
into English, in order to take advantage of existing tools and resources for this language that
would allow the extraction of concepts mentioned in unpublished French texts without new
training data (zero-shot) as proposed in Van Mulligen et al. [5].

We evaluate and discuss the results on several French biomedical corpora, including a new

https://preprints.jmir.org/preprint/49607 [unpublished, peer-reviewed preprint]



JMIR Preprints Gérardinet a

set of 42 annotated hospitalization reports with 4 entity groups. We evaluate the normalization
task at document level, in order to avoid a cross-language alignment step at evaluation time,
which would add a potential level of error and thus make the results more difficult to interpret
(see word alignment in [6, 7]). This normalization is carried out by mapping all terms to their
Concept Unique Identifier (CUI) in the UMLS metathesaurus [1]. Figure 1 summarizes these
various stages, from the raw French text and the translated English text to the aggregation and

comparison of CUIs at document level. All our code is available on github [8].

2. Background

The various stages of our algorithms rely heavily on Transformers language models [2].
These models currently represent the state of the art for many natural language processing (NLP)
tasks, such as machine translation, named entity recognition, classification and text
normalization (also known as entity binding). Once trained, these models can represent any
specific language, such as biomedical or legal. The power of these models comes from their
neural architecture, but also largely depends on the amount of data they are trained on. In the
biomedical field, two main types of data are available: public articles (e.g. PubMed ) and clinical
electronic medical record databases (e.g. MIMIC III [14]), and the most powerful models are, for
example, BioBERT [15], which has been trained on the whole of PubMed in English, and
Clinical BERT [16], which has been trained on PubMed and MIMIC III. In French, the variety of
models is less extensive, with camemBERT [17] and FlauBERT [18] for the general domain, and

no specific model available for the biomedical domain.
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Figure 2: Diagram of different experiments comparing French and English language
models without and with intermediate translation steps. Axis 1 (green axis on the left)
corresponds to the native French branch with a NER step based on a FastText model trained from
scratch on French clinical notes and a CamemBERT model. A multilingual BERT model is then
used for the normalization step, with two models tested: a deep multilingual normalization model
[9] and CODER[10] with the full version. Axes 2.1 and 2.2 (two purple axes on the right)
correspond to the translated English branches, with a first translation step performed by the opus-
mt-fr-en model [11] for both. Axis 2.1 (left) with decoupled NER and normalization steps, based
on FastText trained from PubMed and Mimic III [12] for the NER part, and deep multilingual
normalization [9] or CODER [10] with the English version, for normalization. Axis 2.2 (right)

uses a single system for the NER and normalization stages: MedCAT [13].
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In addition to particularly powerful English-language pre-trained models, universal
biomedical terminologies (i.e. the UMLS metathesaurus) also contain many more English terms
than other languages. For example, the UMLS metathesaurus [1] contains at least ten times more
English terms than French terms, which may enable rule-based models to perform better in
English. As mentioned above, each reference concept in the UMLS metathesaurus [1] is assigned
a unique concept identifier (CUI), associated with a set of synonyms possibly in several
languages, and a semantic group, such as Disorders, Chemicals and drugs, Procedure, Anatomy,
etc.

In parallel, machine translation has also gained in performance thanks to the same type of
transformer-based language models, and recent years have seen the emergence of high-quality
machine translations, such as opus-mt developed by Tiedemann et al [11], Google Translate®
and others. The latter two observations have led several research teams to add a translation step
in order to analyze medical texts, for example to extract relevant mentions in ultrasound reports
[19, 20] or in the case of standardization of medical concepts [9, 10, 21]. Work in the general
(non-medical) domain has also focused on alignment between named entities in parallel bilingual

texts [22, 23].

3. Materials and Methods

3.1. Overview

Figure 2 shows the main approaches and models used in our study. We explored one "native
French approach axis" (axis 1 in Figure 2) based on French linguistic models learned and applied
to French annotated data; and two "translated English approach axes" (axes 2.1 and 2.2) based on

a translation step and concept extraction tools in English. We compare the performance of all

https://preprints.jmir.org/preprint/49607 [unpublished, peer-reviewed preprint]
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axes with an average of document-level CUI prediction precisions for all documents.

3.1.1. Native French approach

Axis 1 consists of two stages: a NER stage and a normalization stage. For the NER stage, we
used the nested named entity extraction algorithm presented in section 3.4 below. Next, a
normalization step is performed by two different algorithms: a deep multilingual normalization
model [9] and CODER [10] with the all version (detailed in sections 3.5.1 and 3.5.2

respectively).

3.1.2. Translated-English approach

Axes 2.1 and 2.2 consist firstly of a translation step, presented in section 3.3 below,
performed by the state-of-the-art opus-mt-fr-en [11] or Google Translate® algorithm. Secondly,
like Axis 1, Axis 2.1 is based on a NER and normalization step. The NER step is performed by
the same algorithm but trained on the n2c2 2019 dataset [24] without manual annotation
realignment, for the normalization step we used the same deep multilingual algorithm [9]
(section 3.5.1) and the English version of CODER [10] based on a BioBERT model [15]. This
axis allows us to compare two methods whose difference lies solely in the translation step.

Axis 2.2 is based on the MedCAT[13] algorithm presented in section 3.5.3, which performs
NER and normalization simultaneously. In this case, we compare the native French method with

a state-of-the-art, ready-to-use English system, which is not available in French.

3.2. Datasets

3.2.1. Overview
For all our experiments, we chose to focus on four semantic groups of the UMLS
metathesaurus [1]: Chemical & Drugs (CHEM) and Devices (DEVI) corresponding to medical

devices such as pacemakers, catheters, etc., Disorders (DISO) corresponding to all signs,

https://preprints.jmir.org/preprint/49607 [unpublished, peer-reviewed preprint]
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symptoms, results (e.g. positive or negative results of biological tests) and diseases, Procedures
(PROC) corresponding to all diagnostic and therapeutic procedures such as imaging, biological
tests, operative procedures, etc., as well as the corresponding number of documents.

Table 1 shows the datasets used for all our experiments, and the corresponding numbers of
documents. Firstly, two French datasets were used for the final evaluation, as well as for training
the Axis 1 models. QUAERO is a freely available corpus [25] based on pharmacological notes
with two sub-corpora: Medline (short sentences from PubMed abstracts) and EMEA (drug
package inserts). We also annotated a new dataset of real-life clinical notes from the Assistance-
Publique Hopitaux de Paris data warehouse, described in the supplementary materials in section
1.1.1.

Secondly, we used the n2c2 2019 corpus [24] with annotated CUIs, on which we
automatically added semantic group information from the UMLS metathesaurus [1], to train the
axis-2.1 system and evaluate the NER and English normalization algorithms. We also used the
Mantra dataset [26], a multilingual reference corpus for biomedical concept recognition.

Finally, we refined and tested the translation algorithms on the WMT biomedical corpora of
2016 [27] and 2019 [28]. A detailed description of the number of respective entities in the

datasets can be found in Supplementary Table 1.

https://preprints.jmir.org/preprint/49607 [unpublished, peer-reviewed preprint]
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Table 1: Datasets. Overview of all datasets used. When a dataset is used for both training and
testing, 80% of the dataset is used for training and 20% for testing. Thus, for the EMEA dataset,
30 documents were used for training and 8 for testing, 34 French notes were used for training and

8 for testing, and so on.

Language French English English-French
Datasets Quaero French n2c2_2019 Mantra WMT WMT
notes (English) 2016 2019

EMEA Medline

Type Drug Medline French English ~ Drug not.  Pubmed Pubmed
notices titles notes notes & abstracts abstracts

Medline
titles
Size (docs) 38 2514 42 100 200 > 600k 6542
sent.

Used for :

Train NER X X X X

Test NER X X X X

Normalization X X X X

Test MedCAT X X

Translation X X

(Fine Tuning)

Translation X

(test)

The annotation methods for the French corpus are detailed in section 1.1.1 of the supplementary materials
with supplementary figure 1. The distribution of entities for this annotation is detailed in Supplementary

Table 1.
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3.3. Translation

We used and compared two main algorithms for the translation step: the opus-mt-fr-en model
[11], which we tested without and with fine-tuning on the two biomedical translation corpora of

2016 and 2019 [27, 28], and Google Translate® as a comparison model.

3.4. Named Entity Recognition

For this step, we used the algorithm of Wajsburt et al[29] described in [30]. This model is
based on the representation of a BERT transformer [3] and calculates the scores of all possible
concepts to be predicted in the text. The extracted concepts are delimited by three values: (start,
end, label). More precisely, the encoding of the text corresponds to the last 4 layers of BERT,
FastText integration and a max-pool Char-CNN [31] representation of the word. The decoding
step is then performed by a 3-layer LSTM [32] with learning weights [33], similar to the method
in [34]. A sigmoid function is added to the vertex. Values (start, end, label) with a score greater
than 0.5 are retained for prediction. The loss function is a binary cross-entropy, and we used the
Adam optimizer [35].

In our experiments, for the native French axis (Axis 1 in Fig. 2), the pre-trained embeddings
used to train the model were based on a FastText [36] trained from scratch on 5 gigabytes of
clinical text and a camemBERT-large [17] fine-tuned on this same dataset. For English Axis 2.1,

the pre-trained models were BioWordVec [12] and clinical BERT [16].

3.5. Normalization algorithms

This stage of our experiments is essential for comparing a method in native French and one

https://preprints.jmir.org/preprint/49607 [unpublished, peer-reviewed preprint]
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translated into English, and consists in matching each mention extracted from the text to its
associated CUI in the UMLS metathesaurus [1]. We compare three models for this step,
described below: the deep multilingual normalization algorithm developed by [9], CODER[10]
and the MedCAT[13] model, which performs both NER and normalization.

These three models require no training dataset other than the UMLS metathesaurus.

3.5.1. Deep multilingual normalization

This algorithm by Wajsbiirt et al [9] considers the normalization task as a highly multiclass
classification problem with cosine similarity and a softmax function as the last layer. The model
is based on contextual integration, using the pre-trained multilingual BERT model [3] and works
in two steps: in the first step, the BERT model is fine-tuned and the French UMLS terms and
their corresponding English synonyms are learned. Then, in the second step, the BERT model is
frozen and the representation of all English-only terms (i.e. those present only in English in the
UMLS metathesaurus [1]) is learned. The same training is used for the native French and
translated English approaches. This model was trained with version 2021 of the UMLS
metathesaurus [1], corresponding to the version used for annotating the French corpus. The

model was thus trained on over 4 million concepts corresponding to 2 million CUIs.

3.5.2. CODER

The CODER algorithm [10] is developed by contrastive learning on the basis of the medical
knowledge graph of the UMLS metathesaurus [1], concept similarities being calculated from the
representation of terms and relations in this knowledge graph. Contrastive learning is used to
learn embeddings through multisimilarity loss [37]. The authors have developed two versions: a
multilingual version based on the multilingual BERT [3] and an English version based on the

pre-trained BioBERT model [15]. We used the multilingual version for Axis 1 (native French

https://preprints.jmir.org/preprint/49607 [unpublished, peer-reviewed preprint]
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approach), and the English version for Axis 2.1. Both types of this model (CODER all and
CODER en) were trained with the 2020 version of UMLS (publicly available models). CODER
all [10] was trained on over 4 million concepts corresponding to 2 million CUIs, and CODER en
was trained on over 3 million terms and 2 million CUIs.

For the deep multilingual model and the CODER model, in order to improve performance in
terms of accuracy, we have chosen to add semantic group information (i.e. CHEM, DEVI, DISO,
PROC) to the model output: i.e., from the first k CUIs chosen from a mention, we select the first
from the right group.

The MedCAT algorithm is described in detail in section 1.1.1 (supplementary material).
Table 2: NER performance for each model. For all experiments, we used the same NER
algorithm described in section 3.4, but with different pre-trained models. FastText* corresponds

to a FastText [36] trained from scratch on our local clinical dataset.

Data set EMEA test French notes n2c2 2019 test
FastText* & camemBERT-FT FastText* & camemBERT- BioWordVec [12] &
Models FT ClinicalBERT [16]
preci- recall f1- prec recall f1- preci- recal f1-score
sion score i- scor sion 1
sion e
CHEM 0.80 0.83 0.82 0.84 0.88 0.86 0.87 0.85 0.86
DEVI 0.42 0.81 0.55 0.00 0.00 0.00 0.58 0.51 0.54
Groups DISO 0.54 0.63 0.59 0.67 0.65 0.66 0.74 0.72 0.73
PROC 0.73 0.78 0.74 0.78 0.72 0.75 0.80 0.78 0.79
Overall 0.71 0.77 0.74 0.73 0.71 0.72 0.78 0.76 0.77
4. Results

The sections below present the performance results for each stage. The n2c2 2019 challenge
corpus [24] enabled us to evaluate the performance of our English models on clinical data and

the Biomedical Translation 2016 shared task [27] to evaluate our translation performance on

https://preprints.jmir.org/preprint/49607 [unpublished, peer-reviewed preprint]
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biomedical data with a BLEU score [38].

4.1. NER performances

To be able to compare our approaches in native French and translated English, we used the
same NER model (section 3.4), trained and tested on each of the datasets described above
(section 3.2). Table 2 shows the corresponding results. Overall F1 scores are similar across

datasets: from 0.72 to 0.77.

4.2. Normalization performance

This section presents only the normalization performance based on the gold standard's entity
mentions, without the intermediate steps. The results are summarized in Table 3. The deep
multilingual algorithm performs better for all corpora tested, with an improvement in F1 score
from +0.6 to +0.11. By way of comparison, the winning team of the 2019 n2c2 challenge had
achieved an accuracy of 0.85 using the n2c2 dataset directly to train their algorithm [24]. In our
context of comparing algorithms between two languages, normalization algorithms are not
trained on data other than the UMLS metathesaurus. MedCAT's performance (shown in
supplementary table 2) cannot be directly compared with that of other models, as this method
performs both NER and normalization in a single step. However, we note that this algorithm

performs as well as Axis 2.1 in terms of overall performance, as shown in Table 5.

Table 3: Performance of the normalization step. Model results are calculated from the
annotated datasets, focusing on the four semantic groups of interest: CHEM, DEVI, DISO,

PROC.

Dataset EMEA test French notes n2c2 2019 test

Models
deep mlg norm 0.65 0.57 0.74

https://preprints.jmir.org/preprint/49607 [unpublished, peer-reviewed preprint]
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CODER all 0.58 0.51 -
CODER en — — 0.63

4.3. Translation performances

For both translation models, the respective BLEU scores [38] are calculated on the shared
2016 Biomedical Translation task [27]. The chosen BLEU algorithm is the weighted geometric
mean of the n-gram precisions per sentence.

A fine-tuned version of opus-mt-fr-en [11] on the 2016 and 2019 Biomedical Translation
shared tasks was also tested. For fine-tuning, we used the following hyperparameters: a
maximum sequence length of 128 (mainly for computational memory reasons), a learning rate of
2e-5, with a weight decay of 0.01, we varied the number of epochs up to 15 epochs (the error
function curve stops decaying after 10 epochs). The Google translate model could not be used for
our clinical score experiments for reasons of confidentiality.

Table 4 presents the BLEU score results for the three models, showing that fine-tuning the
opus-mt-fr-en model [11] on biomedical datasets gave the best results, with a BLEU score[38] of

0.51. This is the model used to calculate the overall performance of axes 2.1 and 2.2.

4.4. Overall performances from raw text to CUI predictions

This section presents the overall performance of the 3 axes, in an end-to-end pipeline. For
axis 2, the results are those obtained with the best normalization algorithm (presented in Table 3).
The model used for translation is the opus-mt-fr-en [11] fine-tuned model. The results are
presented in Table 5, with the best results obtained by the native French approach on the EMEA

corpus [25] and French clinical notes. The 95% confidence intervals were calculated using the

https://preprints.jmir.org/preprint/49607 [unpublished, peer-reviewed preprint]
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empirical bootstrap method [39].

Table 4: Translation performances.

FT corresponds to the opus-mt-fr-en model [11] fine-tuned on biomedical translated corpus from

[27] and [28].

Gérardin et al

BLEU scores of Translation models. opus-mt-fr-en

Data wmt biomed 2016
set test
Google 0.42
Translate
Models opus-mt-fr-en 0.31
opus-mt-fr-en 0.51
FT

Table 5: Overall performances. The normalization step is performed by the deep multilingual

model and the translation by the opus-mt-fr-en FT model.

https://preprints.jmir.org/preprint/49607

[unpublished, peer-reviewed preprint]

EMEA test French notes
precision recall f1-score precision recall f1-sc
Axis 1 (French 0.63 0.60 0.61 0.49 0.53 0.51
NER-+normalization) [0.53;0.65] [0.47;0.!
Method Axis 2.1 0.53 0.40 0.45 0.41 0.38 0.39
S (Translation+NER-+normalization) [0.38;0.51] [0.34;0.
Axis 2.2 0.53 0.46 0.49 0.38 0.38 0.38
(TranslationtMedCAT[13]) [0.38;0.54] [0.36;0.
16
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5. Discussion

In this article, we compared two approaches for extracting medical concepts from clinical
notes. A French approach based on a French language model and a translated English approach
where we compare two state-of-the-art English biomedical language models, after a translation
step. The main advantages of our experiment are that it is reproducible and that we were able to
analyze the performance of each step of the algorithm: NER, normalization and translation, and

to test several models for each step.

5.1.1. The quality of the translation is not sufficient

We show that the native French approach outperforms the two translated English approaches,
even with a small French training dataset. This analysis confirms that, where possible, an
annotated dataset improves feature extraction. The evaluation of each intermediate step shows
that the performance of each module is similar in French and English. We can therefore conclude
that it is rather the translation phase itself that is of insufficient quality to allow the use of
English as a proxy without loss of performance. This is confirmed by the translation performance
calculations, where the calculated BLEU scores are relatively low, although improved by a fine-
tuning step.

In conclusion, although translation is commonly used for entity extraction or term
normalization in languages other than English [20, 40, 41, 42, 5], due to the availability of
turnkey models that do not require additional annotation by a clinician, we show that this induces
a significant performance loss.

Commercial API-based translation services could not be used for our task due to data

https://preprints.jmir.org/preprint/49607 [unpublished, peer-reviewed preprint]
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confidentiality issues. However, the opus-mt model is considered state-of-the-art, it is adjustable
to domain-specific data, and the translation results presented in Table 4 confirm the absence of
performance difference between this model and the google translate model.

Although our experiments were carried out on a single language, the French-English pair is
one of the best performers in recent translation benchmarks[43]. Other languages are unlikely to

produce significantly better results.

5.1.2. Error Analysis

In these experiments, the overall results may appear low, but the task is still complex,
especially because the UMLS Metathesaurus [1] contains many synonyms with different CUIs.
To better understand, we performed an error analysis on the normalization task only, as shown in
Supplementary Table 3, with a physician's evaluation, on a sample of 100 errors for both models.
We calculated that 24% and 39% of the terms found by the deep normalization algorithm [9] and
CODER [10] respectively were in fact synonyms but with two different UMLS CUIs. This
highlights the difficulty of achieving normalization on the UMLS metathesaurus. The UMLS
metathesaurus indeed groups together numerous terminologies whose mapping between terms is
often imperfect, implying that certain synonyms, as shown here, do not have the same CUI, as
pointed out by [45] and [46]. For example, cardiac ultrasound has CUI C1655737 while
echocardiography has another CUI C0013516, similarly H/O: thromboembolism has a CUI of
C0455533 while history of thromboembolism has a CUI of C1997787 and so on.

Moreover, to be more precise, each axis has its own errors: overall, the errors in axis 2 are
essentially due to loss of information in translation. One notable error is literal translation: for
example, "dispersed lupus erythematous" instead of "systemic lupus erythematosus", or
"crepitant” instead of "crackles". This loss of translation leads to more errors in the extraction of

named entities.

https://preprints.jmir.org/preprint/49607 [unpublished, peer-reviewed preprint]
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In addition to the loss of translation information, axis 2.1. is also penalized by the NER step,
due to the difference between the training set (n2c2 notes) and the test set: the translated French
notes (the aim being to compare the performance of English-language turnkey models with the
performance of French-language models from an annotated set). Axis 2.1, for example, omits the
names of certain drugs more often.

Finally, both axes are penalized by abbreviations. These are often badly translated (for
example, "MFIU": "mort foetale in utero" meaning "intra-uterine fetal death" is not translated),
which penalizes axis 2. Nevertheless, if they are indeed extracted by NER steps in Axis 1, they
are not correctly normalized due to the absence of a corresponding CUI in the UMLS

metathesaurus.

5.1.3. Limitations
This work has several limitations. Firstly, the actual French clinical notes contained very few
terms in the "Devices" semantic group, which prevented the NER algorithm from finding them in
the test dataset. However, this drawback, which penalizes the native French approach, still allows
us to conclude on the results. Furthermore, in this study, we did not take into account attributes
of the extracted terms such as negation, hypothetical attribute or belonging to a person other than
the patient, this for comparison purposes, as the QUAERO [25] and n2c2 2019 [24] datasets did

not have this labeled information.
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confidentiality of data from patient files, even after de-identification. However, access to raw
data from the AP-HP data warehouse can be granted by following the procedure described on its
website: www.eds.aphp.fr, by contacting the ethical and scientific committee at
secretariat.cse@aphp.fr. Prior validation of access by the local institutional review committee is
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Supplementary Materials

Supplementary Table 1: Datasets. Detailed description of the size of the datasets with the
number of annotated entities (with UMLS semantic groups and CUIs).

Datase QUAERO Fren n2 Mantr
ts EM MEDLI ch c2 a
Types EA NE note 20 Engli
S 19 sh
CH 248 1053 86 15 2
EM 1 9 56 6
0
DE 170 128 57 19 1
VI 3 1
DIS 150 2837 26 44 3
0] 9 17 63 4
1
PRO 952 1749 23 38 1
C 10 34 5
0
Ove 511 5767 58 100 7
rall 2 53 46 6
2

E;ﬁilepéie partielle.

Synn:imme de Wolff-.

..... 5= L2

Parkinson-White depuis I'age de 17 ans avec tentative d'ablation par radinfréquerEé en 2013

mais echec.

Supplementary Figure 1: Example of clinical notes annotation with the four groups of interest
(CHEM, DEVI, DISO, PROC)
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1.1.1. French corpus annotation

Semantic group and CUI annotation on clinical notes was performed by a physician. A total of 42
hospitalization reports from different departments: internal medicine, gynecology, rheumatology, etc.
were annotated corresponding to a total of 5853 entities, as shown in the Supplementary Table 1. All
corresponding CHEM, DEVI, DISO and PROC entities were annotated, including the case where the
concept was not present in the UMLS« (neither in French nor in English). Figure 3 gives an example of
this annotation with the four different groups. Following QUAERO[25] annotation rules, nested entities
were also annotated. The section on data availability below details the conditions for sharing this corpus.

Supplementary Table 2 : MedCAT performances. Presentation of the overall results of
MedCAT (NER + normalization), focusing on the four semantic groups of interest : CHEM,
DEVI, DISO, PROC.

n2 201 test Mantra English
c2 9
precision  reca f1-score precisio recall f1-score
MedC i n
AT
0.41 0.54 0.46 0.52 0.47 0.48
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Supplementary Table 3 : Error analysis for the normalization step. This table presents a list
of normalization errors made by the deep multilingual model described in section 3.5.1, terms
with very similar meaning or synonyms are highlighted in orange.

true text mention CUI UMLS term CUI UMLS term
pred stand

fcs C0587 FCS-304 C00007  Spontaneous abortion
248 86

hb C0019  Hemoglobin C05180  Hemoglobin
046 15 measurement

transfusion C1879 Transfusion (procedure) C00058  Blood Transfusion
316 41

fibrinogene C0337  Fibrinogen assay C20650 fibrinogen transfusion
428 07

bilan biologique C2717 Biostatistics C15111  Biological Testing
898 48

ionogramme C0288 Ionogran C08533  Blood electrolytes
925 60

ecg C1623 Electrocardiography C00137  Electrocardiogram
258 98

hospitalisée C0701 Patient in hospital | C00199  Hospitalization
159 (finding) 93

rai C3178 Right Atrial Isomerism C04302  Indirect Coombs Test
806 62

sleeve C0878 Conductive Sleeves C47586  Gastric sleeve
989 37

péridurale C1283 Epidural device C00029  Epidural Anesthesia
259 13

curetage C0180 Curette C00104  Dilatation and
236 68 Curettage

remplissage C0035 Surgical Replantation C47612  Blood volume
139 58 expansion

pfc C0070  PFL protocol C00167  Fresh frozen plasma
493 09

noradrénaline C0202 Norepinephrine C00283  norepinephrine
145 measurement 51

artério-embolisation C3163 Transarterial embolization | C03977  Embolization of artery
695 60

nacl C0037 sodium chloride C00360  Saline Solution
494 82

kta C0313  Blood group antibody | C05814  Arterial catheter
203 En"a"KT 47

morphine C2698  Morphine Measurement C00265  morphine
261 49

rl C2935 yellow RL C00733  Lactated Ringer’s
745 85 Solution

rx C0809  Radiation Rx C13066  Plain x-ray
849 45
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normotendue
calcémie corrigée
normale

troponine en
diminution

examen clinique
imagerie
thromboemboliques
sigmoidites

diverticulaires
histologique

C0606
030
C3468
265
C0041
199
C1456
356
C0441
633
Co0016
018
C1395
719
C0344
441

Normoten

CALCR normal variant
Troponin

examination; clinical
Scanning

Fibrinolytic Agents
sigmoid; diverticulum

Histology Procedure

C27121
22
C08537
71
C54422
63
C00318
09
C00119
23
C00400
38
C00128
14
C06795
57

Gérardin et al

Normal blood

pressure
Blood calcium normal
Troponin decreased
Physical Examination
Diagnostic Imaging
Thromboembolism

Colonic Diverticulitis

histological diagnosis
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