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QU’EST-CE QUE LA FOUILLE DE TEXTES ?

Le croisement de plusieurs domaines 

• L’analyse et la fouille de données (Data Mining) 

• Le traitement automatique des langues 

• La recherche et l’extraction d’information 
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QUELQUES CARACTÉRISTIQUES…

Quelle que soit la nature des données : 

• Structures peu normalisées, formats variés 

• Les V du Big Data : Volume, véracité, variabilité, valeur, vitesse 

Documents, textes et langues : 

• Données hétérogènes et multimodales 

• Multilinguisme (variations : lexique et terminologie, syntaxe…) 

• La langue est ambiguë : polysémie, contexte, interprétation… 
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Des difficultés 
génériques. 

Des standards 
nécessaires. 
 
Des solutions 
à partager.

Des solutions, des verrous : ingénierie et recherche
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Des données, des 
méta-données et des 
formats : éléments 
pour une mise en 
forme
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L’encodage des documents

=

Evitons les PDF…

PDF to text
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L’encodage des caractères

ASCII (années 1960, sur 7 bits) 
American Standard Code for 
Information Interchange

ISO-Latin 1 sur 8 bits  
(ISO/CEI 8859)

Unicode (1988) dont UTF-8 
plus de 100 000 caractères 
(dont > 3 000 émojis) 
de 1 jusqu’à 6 octets

https://unicode.org/emoji/charts/full-emoji-list.html 
https://home.unicode.org
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Des documents « images »
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Des balises orientées affichage

=
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et des annotations sémantiques

XML

https://tei-c.org/release/doc/tei-p5-doc/en/html/SG.html

vs
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De multiples formats autres que XML

https://en.wikipedia.org/wiki/YAML

https://en.wikipedia.org/wiki/JSON

https://en.wikipedia.org/wiki/
Comma-separated_values

CSV

JSON et ses variantes

YAML  
Yet Another Markup Language /  YAML Ain't Markup Language
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04.06.19
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Des méthodes 
informatiques  
et des ressources 
linguistiques
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Des symboles et des  
automates

https://hal.archives-ouvertes.fr/hal-00145253/document

Etude pour l’U
N

ESC
O

 (U
niv. Avignon, O

pen Edition 2011) 
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Symboles, vecteurs et modèles de langue

Un mot = une forme Des vecteurs de mots Des modèles de langues

Mot Probabilité

BRIEF ARTICLE

THE AUTHOR

P (w1, w2, ..., wT�1, wT ) =
TY

t=1

P (wt|wt�1, wt�2, ..., w1)

Similarité(d1, d2) ⇡
�!
d1.

�!
d2
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Similarité(d1, d2) ⇡
�!
d1.

�!
d2
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Z_score for each term ti in a class Cj (tij) by cal-
culating its term relative frequency tfrij in a par-
ticular class Cj, as well as the mean (meani) 
which is the term probability over the whole cor-
pus multiplied by nj the number of terms in the 
class Cj, and standard deviation (sdi) of term ti 
according to the underlying corpus (see Eq. 
(1,2)).  
 
Z!"#$% !!" =

!"#!"!!"#$!
!"#              Eq. (1) 

 
Z!"#$% !!" =

!"#!"!!!∗!(!")
!"∗! !" ∗(!!!(!"))   Eq. (2) 

 
 The term which has salient frequency in a class 
in compassion to others will have a salient 
Z_score. Z_score was exploited for SA by 
(Zubaryeva and Savoy  2010) , they choose a 
threshold (>2) for selecting the number of terms 
having Z_score more than the threshold, then 
they used a logistic regression for combining 
these scores. We use Z_scores as added features 
for classification because the tweet is too short, 
therefore many tweets does not have any words 
with salient Z_score. The three following figures 
1,2,3 show the distribution of Z_score over each 
class, we remark that the majority of terms has 
Z_score between -1.5 and 2.5 in each class and 
the rest are either vey frequent (>2.5) or very rare 
(<-1.5). It should indicate that negative value 
means that the term is not frequent in this class in 
comparison with its frequencies in other classes. 
Table1 demonstrates the first ten terms having 
the highest Z_scores in each class. We have test-
ed to use different values for the threshold, the 
best results was obtained when the threshold is 3. 

 

positive 

Z
_score 

negative 

Z
_score 

N
eutral 

Z
_score 

Love 
Good 
Happy 
Great 
Excite 
Best 
Thank 
Hope 
Cant 
Wait 

14.31 
14.01 
12.30 
11.10 
10.35 
9.24 
9.21 
8.24 
8.10 
8.05 

Not 
Fuck 
Don’t 
Shit 
Bad 
Hate 
Sad 
Sorry 
Cancel 
stupid 

13.99 
12.97 
10.97 
8.99 
8.40 
8.29 
8.28 
8.11 
7.53 
6.83 

Httpbit 
Httpfb 
Httpbnd 
Intern 
Nov 
Httpdlvr 
Open 
Live 
Cloud 
begin 

6.44 
4.56 
3.78 
3.58 
3.45 
3.40 
3.30 
3.28 
3.28 
3.17 

Table1. The first ten terms having the highest Z_score in 
each class 

 
-  Sentiment Lexicon Features (POL) 
We used two sentiment lexicons, MPQA Subjec-
tivity Lexicon(Wilson, Wiebe et al. 2005) and 

Bing Liu's Opinion Lexicon which is created by 
(Hu and Liu 2004) and augmented in many latter 
works. We extract the number of positive, nega-
tive and neutral words in tweets according to the-
se lexicons. Bing Liu's lexicon only contains 
negative and positive annotation but Subjectivity 
contains negative, positive and neutral. 

 
- Part Of Speech (POS) 
We annotate each word in the tweet by its POS 
tag, and then we compute the number of adjec-
tives, verbs, nouns, adverbs and connectors in 
each tweet. 

4 Evaluation 

4.1 Data collection 
  We used the data set provided in SemEval 2013 
and 2014 for subtask B of sentiment analysis in 
Twitter(Rosenthal, Ritter et al. 2014) (Wilson, 
Kozareva et al. 2013). The participants were 
provided with training tweets annotated as posi-
tive, negative or neutral. We downloaded these 
tweets using a given script. Among 9646 tweets, 
we could only download 8498 of them because 
of protected profiles and deleted tweets. Then, 
we used the development set containing 1654 
tweets for evaluating our methods. We combined 
the development set with training set and built a 
new model which predicted the labels of the test 
set 2013 and 2014.  

 
4.2 Experiments 

 
Official Results 
   The results of our system submitted for 
SemEval evaluation gave 46.38%, 52.02% for 
test set 2013 and 2014 respectively. It should 
mention that these results are not correct because 
of a software bug discovered after the submis-
sion deadline, therefore the correct results is 
demonstrated as non-official results. In fact the 
previous results are the output of our classifier 
which is trained by all the features in section 3, 
but because of index shifting error the test set 
was represented by all the features except the 
terms. 

 
Non-official Results 
  We have done various experiments using the 
features presented in Section 3 with Multinomial 
Naïve-Bayes model. We firstly constructed fea-
ture vector of tweet terms which gave 49%, 46% 
for test set 2013, 2014 respectively. Then, we 
augmented this original vector by the Z_score 
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et règle de Bayes
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et des représentations

Analyse en Composantes Principales

Vectorisation dans des espaces continus 
(Doc2Vec) par plongements lexicaux

Cartes auto-organisées (SOM)
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Un exemple de modèle de langue

https://books.google.com/ngrams
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Des modèles de langue « neuronaux »

https://huggingface.co/transformers/model_summary.html

https://camembert-model.fr

https://github.com/getalp/Flaubert

FlauBERT



P.	Bellot	(AMU-CNRS,	LIS-OpenEdition) 18

https://projector.tensorflow.org



P.	Bellot	(AMU-CNRS,	LIS-OpenEdition) 19
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Arbres et forêts, régressions, vastes marges, neurones…

Sorties avec scoresdonnées 

observées

crédits : Michaelg2015 CC BY-SA 4.0 crédits : Sylenius CC BY-SA 3.0

crédits : Sylenius CC BY-SA 3.0



https://www.ortolang.fr

https://www.clarin.eu/content/virtual-
language-observatory-vlo



http://catalog.elra.info/en-us/

European Language Resources Association

voir aussi : https://www.ldc.upenn.edu
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Ressources « collaboratives »

http://www.jeuxdemots.org
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Et des ressources spécialisées

http://www.chu-rouen.fr/cismef/

http://agroportal.lirmm.fr



https://www.natureindex.com/news-blog/microsoft-academic-graph-discontinued-whats-next

Credit: Martijn Visser, Nees Jan van Eck and Ludo Waltman Quantitative Science Studies 2021; 2 (1): 20–41.

https://openalex.org

https://opencitations.net
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Des services logiciels 
orientés  
« fouille de textes »



https://www.cortext.net

http://www.iramuteq.org



https://maiage.inrae.fr/fr/node/626



https://lejournal.cnrs.fr/articles/visualiser-la-recherche-sur-le-coronavirus-en-un-coup-doeil
https://gargantext.org



https://www.vosviewer.com
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De nombreux acteurs industriels
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Devon Think
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https://www.devontechnologies.com/apps/devonthink



https://www.sas.com/fr_fr/software/text-miner.html
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https://www.opentext.fr/solutions-et-produits/produits/decouverte



https://www.ibm.com/cloud/watson-natural-language-understanding



https://www.ibm.com/demos/live/natural-language-understanding/self-service/home



http://www-958.ibm.com/software/data/cognos/manyeyes/page/Word_Tree.html



https://newsmap-js.herokuapp.com
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Des environnements 
logiciels pour le 
développement et 
l’expérimentation
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Un processus de fouille de textes
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Indexation et recherche d’information https://www.elastic.co

s’appuie sur Apache Lucene



https://dl.istex.fr
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Traitement de corpus avec grammaires et dictionnaires

https://www.nooj-association.org
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04.06.19
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Unités lexicales et parties du discours

Dépendances

Constituants

Enrichissement et annotations « linguistiques »

https://corenlp.run
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Structuration automatique de références bibliographiques

Test	:	http://bilbo.openeditionlab.org	
Sources	:	http://github.com/OpenEdition/bilbo





https://prodi.gy/
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Classification
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Des bibliothèques Python (ou Java, C++, Swift)
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https://studio.ai21.com/playground



https://openai.com/



https://openai.com/api/
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NLTK http://www.nltk.org
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NLTK

http://www.nltk.org
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NLTK

http://www.nltk.org
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Spacy https://spacy.io/
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Spacy

https://spacy.io/
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Fonctionnalités de Spacy https://spacy.io/



http://tm.r-forge.r-project.org/
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CONCLUSION : LE TDM…

Concerne et impacte : 
• La recherche scientifique dans son ensemble 
• La société au travers d’applications du quotidien 

Nécessite : 
• un corpus cible, des ressources de spécialité 
• d’intégrer différents composants logiciels, modèles, APIs 
• un scénario et une référence pour apprendre et évaluer 
Faisable si : 
• les composants sont interopérables, les métadonnées compatibles 
• l’intégration de différents composants logiciels est possible 

(ou s’il existe déjà une brique logicielle répondant au besoin)

64

https://www.jisc.ac.uk/
reports/value-and-
benefits-of-text-mining
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De nombreux ateliers et compétitions

http://www.clef-initiative.eu/ https://semeval.github.io/SemEval2021/tasks.html
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https://www.kaggle.com/c/nlp-getting-started

https://competitions.codalab.org/competitions/

https://tac.nist.gov/2020/index.html

De nombreux ateliers et compétitions (2)
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De nombreux ateliers et compétitions (3)

https://deft.lisn.upsaclay.fr/2021/




