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Analysis of emotion

Def. Emotion Analysis is a process that aims
to detect and recognize types of feelings A
through the expression of texts, such as

anger, disgust, fear, joy, sadness and

surprise. It can have useful applications,'& ‘ ‘

such as: measuring the happiness of our Gy, @
L\

citizens or the experience of a customer.

v Plutchik’ wheels of emotions
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2 Background — We and fasttext
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Figure 1: Model architecture of £astText fora sentence with

N ngram features x, @ n. The features are embedded and

averaged to form the hidden variable.

Joulin, Grave, Bojanowski, & Mikolov, T. (2016).
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Machine learning process
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Corpus generation

Supervised Model generation

XED available from
https://github.com/Helsinki-NLP/XED
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Preliminary results

Joy Surprise fear anger sadness disgust anticipation trust
P@ |[R@ | f1 |P@ |R@ | f1 |P@ |R@ | f1 |P@ |R@ | f1 |P@ |R@ | fl |P@ |R@ | f1 |P@ |R@ | f1 |P@ |R@ | f1
0.34 1046 | 0.27 | 0.26 | 0.33 | 0.21 0.45(043/046)027(033]022(0.19]0.32|0.13]0.37043(0.33]0.25|0.390.19
P@: Precision
R@: Recall

F1: F-measure



Integrated t0O| — fastText embedding

Cloudflare
7 Access

A code has been emailed to you

Enter code

W Cloudflare Zero Trust

Tesis Word Embeddings

Preprocesamiento

Limpieza de corpus para ML o NLP.

Word Embedding

Obtén palabras similares o resuelve analogias en

espafiol.

Analisis de Emociones

Detecta emociones de la rueda de emociones de

Plutchik en oraciones en espafiol.

Spanish version




04 Integrated tool — preprocessing module

Preprocesamiento de Corpus

Herramienta para el preprocesamiento de texo de desarrollo propio, codigo fuente y herramienta CLI disponible en Reposi (privado)

Corpus

Elegir archivo  No se ha seleccionado ningun archivo
Formatos de archivo soportados: te
Tamafio maximo: - ViB
Opciones
@D Limpiar etiquetas HTML
Selector CSS para retirar etiquetas
script, style, pre, svg, math, noscript, ref

Selector CSS para concatenar separador de linea

p, hr, br, li, tr
@D Quitar acentos, caracteres de control y convertir letras maytsculas en mintsculas

@D Quita signos de puntuacion y reemplazar tokens extrafios (digitos o URLs) con <unk/>

Preprocesar Corpus




04 Integrated tool — similarity example

S ./fasttext similarity result/fil9.bin #command line
Pre-computing word vectors... done.

Query word? Asparagus

0.812384
tomato 0.806688
horseradish 0.805928
spinach 0.801483
licorice 0.791697
lingonberries 0.781507
asparagales 0.780756
lingonberry 0.778534
celery 0.774529
beets 0.773984



esis Word Embeddings  Preproces

Resultados

Word Embeddinc -

Word embedding de FastText (skip-gram) d¢

Similaridad
Palabra

incendios

Ver similares

Parametros Utilizados para

* minn: 3
® maxn: 8
Ir: 0.01

forestales
siniestros
incendio
forestal
conaf

llamas

focos
antiincendios
pastizales

tacion

Integrated tool similarity & analogy module

Similaridad

0.706075
0.705643
0.69
0.694914
0.691427
0.68594

0.67



04 Integrated tool — analogy example

=] A
S ./fasttext §na|og|es result/fil9.bin #command line Gerpaé?]y i 3 Berlin/as/
Pre-computing word vectors... done. c
Query triplet (A - B + C)? berlin germany france Fry(% is to prediction
0.896462

bourges 0.768954
louveciennes 0.765569
toulouse 0.761916
valenciennes 0.760251
montpellier 0.752747
strasbourg 0.744487
meudon 0.74143
bordeaux 0.740635
pigneaux 0.736122



Integrated tool — similarity & analogy module

Word Embedding

Word embedding de FastText (skip-gram) de desarrollo propio a partir de articulos de prensa chilena.

Bisto Aas Cis to prediction

Similar|Resultados X | Analogia

Palabra A
Palabra Similaridad

bachelet Chile is to Bachelet as Brasil is
dilma 0.681452 ..
- B 1o prEd|Ct|On
Ver si

rousseff 0.653195 )
chile

mandataria 0.631464 C . .
Chile is

michelle 0.630353 brasil |

lula 0.616748
Ver analogfas

roussef 0.598940

o Bachelet as Brasil is

=
Q

Parame
inacio 0.594999
® minn: ws: 23

* maxn:| luiz 0.587153 neg: 11
e |r:0.0° thread: 4
e minCc| rouseff 0.584675 dim: 300




Integrated tool — analysis of motions module

Analisis de Emociones

Modelo FastText supervisado con parametros identicos al Word Embedding (salvo WordNgrams = 17 y loss=ns) a partir de Tweets con emojis y hashtags particulares.

Nétese que pueden ser ingresadas multiples oraciones y cada una tendra su analisis individual, por lo que puede, por ejemplo, pegar un articulo y ver el analisis emotivo de cada
oracion.

Texto a analizar

##@@@Mafana iré a conocer una tienda IKEA Il ) 1)

Analizar Texto

manana ire a conocer una tienda ikea

28% | anticipation
21%
surprise trust

disgust

& <o

M Probability
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Evaluation of integrated tool

g

g

g

Preprocessing S&A A;rilgi:zr?f
Performance 93% 96% 96%
Accesibility 87% 89% 90%
Best Practices 100% @ 100%@ 100% @
92% 100%(<) 100% (v)

SEO

by Google lighthouse
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Conclusions and future work

Both the APl for text preprocessing and the web application for analysis of
emotions based on fastText are available in GITHub repository.

It would be of interest to create a web browser extension to provide feedback on
the predominant emotions in the text that a user writes or to hide comments or
news articles in which negative emotions predominate.

Another aspect that could be incorporated into future work would be how a
recommendation system could be nourished from the results of the similarity
module and analogies such as the analysis of emotions.
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