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Combining 2 levels of information with tree clouds
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Combining 2 levels of information with tree clouds
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Combining 2 levels of information with tree clouds
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Combining 2 levels of information with tree clouds
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Combining 2 levels of information with tree clouds
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Building a tree cloud

Concordance of a word, lemmatization — Available in the TreeCloud
or other preprocessing tasks...">|  Text standalone application
( Y 3\
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Y
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Why use tree clouds?
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Corpus exploration with TreeCloud

‘ * Interpreting the subtrees
only 1 * Focusing on the neighborhood
textual ‘corpus of frequent words in the tree
corpus | .. Focusing on the neighborhood
of target words («actors», verbs,

etc.) in the tree

If the corpus is big enough:

* Identifying words present in the beginning or
in the end of the corpus

2 comparable * Focusing on words appearing in the context of
sub-corpuses a target word

* Identifying common or distinct subtrees

 Comparing in both trees the frequency of frequent words

» Comparing (size+content) subtrees in the two trees

* Building the tree cloud of specific words of each sub-corpus
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Interpreting the subtrees

Drawing « potatos »
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Interpreting the subtrees
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Corpus exploration with TreeCloud
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Neighborhood of frequent words
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Neighborhood of frequent words

CESAN pouvoir
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Neighborhood of frequent words
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Neighborhood of frequent words

CESAN pouvoir
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Corpus exploration with TreeCloud

‘ * Interpreting the subtrees
only 1 * Focusing on the neighborhood
textual ‘corpus of frequent words in the tree
corpus | .. Focusing on the neighborhood
of target words («actors»,

verbs, etc.) in the tree

If the corpus is big enough:

* Identifying words present in the beginning or
in the end of the corpus

2 comparable * Focusing on words appearing in the context of
sub-corpuses a target word

* Identifying common or distinct subtrees

 Comparing in both trees the frequency of frequent words

» Comparing (size+content) subtrees in the two trees

* Building the tree cloud of specific words of each sub-corpus



Neighborhoods of words

Corpus: answers to open questions to health professionals, about the health path of old
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Grammatical colouring
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Corpus exploration with TreeCloud

‘ * Interpreting the subtrees
only 1 * Focusing on the neighborhood
textual ‘corpus of frequent words in the tree
corpus - .. Focusing on the neighborhood

of target words («actors», verbs,
etc.) in the tree

If the corpus is big enough:

* Identifying words present in the beginning or
in the end of the corpus

2 comparable * Focusing on words appearing in the context of
sub-corpuses a target word

* Identifying common or distinct subtrees

 Comparing in both trees the frequency of frequent words

» Comparing (size+content) subtrees in the two trees

* Building the tree cloud of specific words of each sub-corpus
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Corpus exploration with TreeCloud

‘ * Interpreting the subtrees
only 1 * Focusing on the neighborhood
textual ‘corpus of frequent words in the tree
corpus | .. Focusing on the neighborhood
of target words («actors», verbs,

etc.) in the tree

If the corpus is big enough:

* Identifying words present in the beginning or
in the end of the corpus

2 comparable * Focusing on words appearing in the context of

sub-corpuses a target word

* Identifying common or distinct subtrees

 Comparing in both trees the frequency of frequent words

» Comparing (size+content) subtrees in the two trees

* Building the tree cloud of specific words of each sub-corpus



Focusing on a target word
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Corpus exploration with TreeCloud

‘ * Interpreting the subtrees
only 1 * Focusing on the neighborhood
textual ‘corpus of frequent words in the tree
corpus - .. Focusing on the neighborhood

of target words («actors», verbs,
etc.) in the tree

If the corpus is big enough:

* Identifying words present in the beginning or
in the end of the corpus

* Focusing on words appearing in the context of
a target word

2 comparable
sub-corpuses

* Identifying common or distinct subtrees

 Comparing in both trees the frequency of frequent words

» Comparing (size+content) subtrees in the two trees

* Building the tree cloud of specific words of each sub-corpus



Identifying distinct or common subtrees

Comparing press agency and other journalist articles

Corpus: 595 press agency articles vs 1496 other journalist articles in 2011 about the
Mediator case in the French press.

Gambette & Martinez,

All articles Texto! 2013
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Identifying distinct or common subtrees

Comparing press agency and other journalist articles

Corpus: 595 press agency articles vs 1496 other journalist articles in 2011 about the
Mediator case in the French press.
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Identifying distinct or common subtrees

Comparing press agency and other journalist articles

Corpus: 595 press agency articles vs 1496 other journalist articles in 2011 about the
Mediator case in the French press.

Judicial and legislative
consequences

Journalist articles
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Corpus exploration with TreeCloud

‘ * Interpreting the subtrees
only 1 * Focusing on the neighborhood
textual ‘corpus of frequent words in the tree
corpus | .. Focusing on the neighborhood
of target words («actors», verbs,

etc.) in the tree

If the corpus is big enough:

* Identifying words present in the beginning or
in the end of the corpus

2 comparable * Focusing on words appearing in the context of
sub-corpuses a target word

* Identifying common or distinct subtrees

 Comparing in both trees the frequency of frequent words

» Comparing (size+content) subtrees in the two trees

* Building the tree cloud of specific words of each sub-corpus



Comparing subtrees
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spatial
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systems
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climate
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species, populations
& communities: structure,
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Tree cloud of the 100 most frequent
words in « corpus Biodiversa »

, food., soil (> 5000 research projects

| T and water on biodiversity supported by
European funding agencies),

development organisms 2004-2007,
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and groups

10 word window

environmental

condiions

faclors

important ecological &
role understanding | evolutionary
wolution processes
evolubionary
ecological processes
natural specie
selechon
populations
genelic
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Gambette,

A sopulation

Eggermont &
Le Roux, 2014
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Comparing subtrees

populations, communities,
soil, forest and food

ecosystem services,

conservation, g~ env_irnnmenl i, 3
management _~~ mE{nna Y
&policy ecosyslems \
rd development
/ policy biodiversity
/ conservation ecosystem
I'T'IEII"IE!QEI'I“IEI"I! s&rvices
i factors o
\ : jpotential
environmental /%
% cnnd:ﬂ_eg mpact
8 current
future

global

numan

climate
chang

global change,
human impact

evolutionary

ecological &

~ natura processes :
communities portant _ evolutionary
| understanding| processes models, systems,
Jlaa:tds population ological evolution e experiments,
community caroon food systems eve '%P methods
structure soil 5 5 em
forest ¥
population field
- test
IQEHEFIC . molecular
diversity analysis- methods
effects

Tree cloud of
the 100 most
frequent words in
« corpus Biodiversa »
&> 5000 research projects on

levels

biodiversity supported by European
funding agencies),

2008-2011,
Liddel distance,
and groups 10 word window

major organisms
groups

arganisms

areas

genes species

identify distribution

habitat |arge patterns
scale
water Gambette,

Eggermont &
Le Roux, 2014

@5 biodiverss

genes, range

species, habitat
& spatial distribution



Corpus exploration with TreeCloud

‘ * Interpreting the subtrees
only 1 * Focusing on the neighborhood
textual ‘corpus of frequent words in the tree
corpus | .. Focusing on the neighborhood
of target words («actors», verbs,

etc.) in the tree

If the corpus is big enough:

* Identifying words present in the beginning or
in the end of the corpus

2 comparable * Focusing on words appearing in the context of
sub-corpuses a target word

* Identifying common or distinct subtrees

 Comparing in both trees the frequency of frequent words

« Comparing (size+content) subtrees in the two trees

* Building the tree cloud of specific words of each sub-corpus



Comparing specific words

Amstutz & Gambette,

i . mainz )
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rome MOMEnt 0 ot . martian
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BPOUE vinius
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Tree clouds of the specific words in the theater plays Cinna et Othon, resized and colored
according to their specificity score in Lexico 3.

What is political power based on?



Comparing specific words

Amstutz & Gambette,
JADT 2010
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Tree clouds of the specific words in the theater plays Cinna et Othon, resized and colored
according to their specificity score in Lexico 3.

What is political power based on?



Comparing specific words

) . mainz )
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Specific words of lieu

Cinna et Othon according to Lexico3

Location of power (what the characters Rome (« liberté ») Empire (« trone »)

are fighting for)

Reigning monarch tyran (tyrant) Empereur (emperor)

Characters with political influence amis (friends) maitres / seigneurs (master / lord)

What political power is based on gloire (glory) amour matrimonial : « amour », « hymen »,

« choix » (love)

Characterization of the theater play FOUNDATION DYNASTIC SUCCESSION



Comparing with other visualizations
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Comparing with other visualizations

Tree clouds (TreeCloud, Word networks (PhraseNet by
Hyperbase, etc.) IBM ManyEyes, Tropes)
Global information Localinformatien

Word projections (Astartex,
factorial analysis on Lexico, TXM, TextObserver, etc.)

Global information
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Comparing with other visualizations

Tree clouds (TreeCloud, Word networks (PhraseNet by
Hyperbase, etc.) IBM ManyEyes, Tropes, etc.)
Global information Localinformatien
Simple structure Complex structure
Easy to visualize Hard to visualize
Not so.robust Robust

Weak information-density High information density

Word projections (Astartex,
factorial analysis on Lexico, TXM, TextObserver, etc.)

Global information
Complex structure

Easy to visualize but-overlapping words
Robust

High information‘density
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Implementations

Free software TreeCloud (Python/Delphi) + SplitsTree (Java)

=101 %]

. . : . L Treecloud
Ce programme est une interface graphique pour Treecloud, et permet de conztruire le nuage artboré d'un texte. Téléchargez ﬁ'reFEr?aﬁ;ais
Treecloud, ainsi gue son code zource Python, zur hittp:/ Awwe, treecloud.org,  English

Emplacement de Pythaon [télécharger version 2.2 sur weas. pethoh, org)
|E:\F‘ythun25hp}lthun.e:¢e

Emplacement de SplitzTree [télécharger version 4.3 sur v splitztree. org)

II:: “Program FileshSplitsTreehSplitzTree. exe

=Y
@_I

Teute & visualizer :

aaaaa 2004

aaaaa Conversation text types: A multi-dimensional analysis

aaaaa Statistical Analysis of Text in Educational Measurement

a3aaa Ftude de |a stabilté des valeurs propres de IAFC d'un tableau lexical au moyen de procédures de rééchantilonage
aaaaa Text Retrieval with External Information

aaaaa Clustering Algorithms for Noun Phrase Coreference Resaolution

aaaaa Noantificatinn MFf Chedietic Traite: A Statictical Annrnach

Mots du nuage arboré - (= Duwr liste de mats | Tailes des mats : & Liste de tailes | Couleurs des mats : &) Liste de couleurs

.

chronodis
mot ; Icible

Longueurs d'arétes
% unitaires
= réelles

Seéparateur :
Iaaaaa
Antidictionnaire ;
T — IE:‘\Sitea‘\G ambetteLirmm' T reecloudDistribution’Stoplizt) adt, bt @IFran;ais j
" pahoo Maombre de motz du nuage arboré ou nombre minimal d'occurrences powr apparaitre dang le nuage arboré
" bermy I 5
i+ chronalogy :
" dispersion Ligne de commande :
' “Cr\PythonZ8\python.exe” "CGites\Gambettelirmm’ Treecloud Distribution\ Treechouwd. py” stoplist="C:\Sites\Gambettelirmm|\ Treeciowd Distribution’ Stoplist) adt. bd” :I

splitstreepath="C:\Program Files\SplitsTre=\SplitsTres.=xe” unit=1 minnb=5 sepchar=assas distance=hyperlex color=chronclegy "C:\TreeCloud\jadt. bet

e

== Calcule le nuage arboré avec TreeCloud !




Implementations

Free software TreeCloud (Python/Delphi) + SplitsTree (Java)
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Web interface

TreeCloud : Create! Downloads Gallery Credits FAQ
Nuage Arboré Créer! Téléchargements Gallerie A propos FAQ

This website helps you to generate tree clouds from a text, thatis word clouds where the

words are arranged on a tree which reflects their semantic proximity inside the text. : . e Inte rfa Ce based On the free

The first tree cloud appeared on Jean Véronis's blog in December 2007, you can now = ,
create your own with this website, or with the TreeCloud software. - Softwa re N uageArbO r‘e by Jea n-
Create your own tree cloud online! ' Charles Bontemps (C,

CGl/Python, JavaScript).

Ce site web vous permet de générer des nuages arborés a partir d'un texte, c'est & dire
des nuages de mots disposés autour d'un arbre qui indigue leur proximité dans le texte.
Le premier nuage arboré est apparu sur le blog de Jean Veronis en décembre 2007, vous
pouvez maintenant créer les vitres avec ce site web, ou avec le logiciel TreeCloud.

http://sourceforge.net/projects/
nuagearbor/

Créez vos propres nuages arborés en ligne !

Integration of Unitex for the
D““““"“i - detection of compound words by
' Claude Martineau

If you use TreeCloud or this website, please cite www.treecloud.org or:
Philippe Gambette et Jean Véronis: Visualising o Text with o Tree Cloud, In Locarek-lunge H. and Weihs C,, editors,
Classification as a Tool of Research, Proc. of [FCS'05 (11th Conference of the International Federation of Classification

Societies), to appear, 2010 (supplementary material).

Pour des exemples d'utilisation de la visualisation en nuage arboré, vous pouvez lire :

Delphine Amstutz et Philippe Gambette: Utilisation de lo visualisation en nuage arboré pour 'analyse littéraire, Proc. of
JADT'I0 (10th International Conference on statistical analysis of textual dota), & paraitre, 2010 (matériel
supplémentaire).




Execution time

Limits on the corpus size to use TreeCloud ?
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Perspectives

Integrating the visualization in other software

N

— Integration into Unitex i thanks to Google Summer of Code

b

— Javascript treecloud visualization available in PhyloPlot
http://adamzy.github.io/PhyloPlot/

Helping users with the methodology
— Adding tools to compare the trees

—> Adding dynamic processes:
* adding words, removing words, etc.
* going back to the full text


http://adamzy.github.io/PhyloPlot/
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