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RESUMEN 
 

El análisis de sentimientos (o minería de opinión) es un campo de estudio que 
típicamente analiza opiniones, impresiones, sentimientos y emociones acerca de productos, 
servicios, organizaciones, individuos, temas, eventos o tópicos. Un reciente desarrollo, la 
detección del estrés y la relajación, se centra en el cambio y en la detección de los 
indicadores que muestre que el  autor de un texto se encuentre estresado  o relajado. Este 
problema se puede abordar de una manera similar al análisis del sentimiento. También es 
una tarea relacionada con el mismo, porque las personas estresadas suelen ser infelices 
(pero no siempre: por ejemplo, un atleta que gana una carrera) y las personas relajadas son 
generalmente felices (pero no siempre: por ejemplo, una persona deprimida). 

Actualmente las redes sociales son ampliamente utilizadas para comunicar y 
compartir opiniones y estados emocionales en público. Un primer lugar lógico para buscar 
pruebas de estrés es por lo tanto en sitios de redes sociales, como Facebook o Twitter. 
Muchos estudios han intentado detectar el sentimiento en el texto, por lo general con un 
enfoque en áreas específicas como revisiones de productos, revisiones de películas, o 
noticias [4]. La mayoría de los sistemas intentan clasificar los textos como positivos, neutros 
o negativos, pero algunos también estiman la intensidad de los sentimientos o las emociones 
más finas. 

En esta tesis se centra en la detección de estrés y relajación en los tweets provenientes 
del lenguaje españoles, debido a que Twitter tiene muchos usuarios y el español es uno de 
los idiomas más hablados del mundo. Como la primera investigación de su tipo para el 
español, la investigación tiene un enfoque general en lugar de un tema que actual mente es 
muy estrecho. El objetivo es construir un sistema capaz de detectar los términos más 
comunes utilizados para expresar el estrés o la relajación sin centrarse en un solo tema o 
variante lingüística del español. Por lo tanto, el sistema debe ser capaz de reconocer 
expresiones idiomáticas a lo largo de diferentes áreas del mundo, incluyendo México, 
España, Chile y Argentina.
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ABSTRACT 
 

Sentiment analysis (or opinion mining) is a field of study that typically analyses 
opinions, impressions, sentiments, and emotions about products, services, organizations, 
individuals, issues, events, or topics.  
 

Opinions are central to almost all human activities and are one the most influencers 
of our perceptions that we make about what with consider good, agreeable, etc. and vice 
versa, because when we are going to make a decision we often seek out the opinions of 
other people, and this not only happen with individuals also it is very common whit many 
organizations. 
 

One of the first mention of the term sentiment analysis was in (Nasukawa and 
Yi,2003) where the authors, extract sentiments associated with polarities of positive or 
negative for specific subjects from a document instead of classifying the whole document 
into positive or negative. And the term opinion mining first appeared in (Dave, Lawrence 
and Pennock, 2003).However this two terms have had multiple variations such as, 
sentiment analysis, opinion mining, opinion extraction, sentiment mining, subjectivity 
analysis, affect analysis, emotion analysis review mining etc. 
  

A recent development, stress/relaxation detection, focuses instead on the detection 
of indicators that a text author is stressed or relaxed. This problem can be tackled in a 
similar way to sentiment analysis. It is also a related task because stressed people are usually 
unhappy (but not always: e.g., an athlete winning a race) and relaxed people are usually 
happy (but not always: e.g., a depressed person). 
 

Social networks are widely used to communicate and share opinions and emotional 
states in public. A logical first place to look for evidence of stress is therefore in social 
network sites, such as Facebook or Twitter. Many studies have attempted to detect sentiment 
in text, usually with a focus on specific areas like product reviews, movies reviews, or news. 
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Most systems attempt to classify texts as positive, neutral or negative, but some also estimate 
the intensity of sentiments or finer-grained emotions. 
 

This thesis focuses on the detection of stress and relaxation in Spanish tweets 
because Twitter has many users and Spanish is one of the world’s most spoken languages. 
As the first investigation of its type for Spanish, the research has a general focus rather than 
a narrow topic. The goal is to build a system capable of detecting the most common terms 
used to express stress or relaxation without focusing on a single topic or linguistic variant 
of Spanish. The system should therefore be able to recognise idioms and slang words from 
different areas of the world, including México, Spain, Chile, and Argentina.
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GLOSSARY 
 

Natural Lenguaje Processing: It the field in computer sciences, computational 
linguistics and artificial intelligence that lies the interactions between computers and 
human natural language. The principal challenge involve natural language understanding, 
natural language generation, dialog systems, etc. 
 

Sentences splitting: Consist in automatic detections of limits a sentences, the 
limitations are given by a character or a group of them (e.g. “,”, “ “(space), etc.). 
 

Syntax: A branch of linguistics that studies and analyses grammar, structure or 
order of the elements in a language statement.  
 

Gold standard: In natural language processing is a test refers to a diagnostic that is 
the best available under reasonable conditions, usually is a classifications made manually 
by person. 
 

Dictionary: In natural language processing is a resource that list the words o terms 
of a language. 
 

Sentiment dictionary: Is a dictionary that assignee to each word in it a numerical 
value.  
 

Morphological dictionary: contains all the possible variations in time, gender and/or 
plurality of the words in a language (e.g. mirar (watch), miro, miró, mira, miran, miraba, 
etc.) 
 

Word form: is a particular form of a word. Words in text are present in the one of 
their grammar form. For example, playing is a grammar form of the verb play. 
 

Sentiment: In natural language processing sentiment positive, neutral or negative 
that every text is assigned based in their meaning. 
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Label: In computer science is the value that represent the class that belongs each 
element. For example in Sentiment analysis, can be positive, negative or neutral, also it can 
have a numerical number. 
 

Vector space model: Algebraic model for text document representation (or any 
objects in general) as vector of identifiers. For example index terms. 
 

N gram: In natural language processing is a Subsequence of n elements of the text, 
the can be words, characters, part of speech, for example, for the sentences “ I love you” the 
2-gram of words is [“I love”, ”love you”]. 
 

Lemmatization: In linguistics is the process of grouping together the inflected forms 
of a word so they can be analysed as a single item. Identified by the word’s lemma or 
dictionary form. For example, the lemma of the words playing and played is play. 
 

Stemming: In linguistic is the process of reducing inflected words or sometimes 
derived word to their root, base or stem. For example, cats and possibly catlike, catty as base 
of the root cat. 

 
Artificial Intelligence: the simulation of human intelligence by machines, including 

processes related to learning, reasoning and self-correlation, with applications in speech 
recognitions, machine vision and text analysis, among others. 

 
Machine learning: A sub field of artificial intelligence that allows computers to learn 

without being explicitly programmed.
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Chapter 1 

 INTRODUCTION 

 

In this first chapters we present the necessary background to understand the stress 
and relaxations problem in opinion mining problem and their influence in NLP. Therefore 
it importance in social networks, which is the principal reason of objective of this work. 
 

1.1 PROBLEM 

 
In this chapter, we are going to define and subjective and abstraction of the 

sentiment analysis problem. It is often said that if we cannot structure a problem, we 
probably do not understand the problem, and much less we cannot solve the problem. From 
the academy point of view the sentiment analysis problem is only the all set of different 
tasks in the natural language area. They also serve as a common framework to unify various 
existing research directions, and to enable researchers to design more robust and accurate 
solutions techniques by exploiting the inter-relationships of the sub-problems. 
 

Unlike sentiments, opinions, have an important characteristic, all of them are 
subjective to the holder, for that reason, it is thus important to examine a big collections of 
different opinions from many people rather than an only one opinion from a single or small 
group of people. 

 
This opinions have two key components: Target and the sentiment for that target, 

for example, 
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IPhone is good. I am satisfied with my order. 
 

In this review taken from Amazon.com.uk we observe that the target is the “IPhone” 
and the sentiment is positive.  We can see this analysis as the following topple. 
 

(IPhone, Positive) 
 

The others three important elements that we need to complete the definition of a 
topple is the name of the entity or target, the aspect of  the entity, in case that it does not 
have and aspect, we can considered as the aspect of all the entity, the holder of the opinion, 
and the time, it means, when the opinion was made, it is very important because one opinion 
may change over the time, (e.g. today gets $2000 USD can be positive but in 15 years get 
the same amount of money can be negative for the inflation).The five complements are 
essential. Missing one of them can be problematic in general for this task. 
 

Finally we can present the principal task of the sentiment analysis, given an opinion 
document d, we need to discover all the opinions finding the five principal elements, to 
define an opinion. 

 
(𝑒𝑖, 𝑎𝑖𝑗 , 𝑠𝑖𝑗𝑘, ℎ𝑘 , 𝑡𝑙) 

 
Where 𝑒𝑖 the name of an entity, 𝑎𝑖𝑗 is an aspect of 𝑒𝑖, 𝑠𝑖𝑗𝑘 is the sentiment on aspect 

𝑎𝑖𝑗 of entity 𝑒𝑖, ℎ𝑘 is the opinion holder, and 𝑡𝑙 is the time when the opinion is expressed by 
ℎ𝑘 . The sentiment 𝑠𝑖𝑗𝑘 is positive, negative, or neutral, or expressed with different strength 
or intensity levels, e.g., 1 to 5 stars as used by most review sits on the Web. When an opinion 
is on the entity itself as a whole, the special aspect “general” is used to denote it. 
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1.2 STRESS 

 
The term stress, as it is currently used was coined by Hans Sleye in 1936, who 

defined it as the non-specific response of the body to any demand for change. It can be 
caused by both good and bad experiences. When people feel stressed by something going 
on around them, their bodies react by releasing chemicals into the blood to prepare for a 
fight or flight response, including the stress hormone cortisol which increase the blood 
sugar level. These chemicals give people more energy and strength, which can be a good 
thing if their stress us caused by physical danger. But this can also be a bat thing, if their 
stress is in response to something emotional and there is no outlet for this extra energy and 
strength. 

 
1.2.1 PSYCHOLOGICAL STRESS 
 

The psychological stress is a subjective feeling of pressure or strain as a result of a 
stressor in the external environment or internal perceptions of an inability to cope with a 
situation (Jones, Bright, & Clow, 2001). For that reason, we can infer usually the stress and 
negative emotions often co-occur, whit each able to be a cause and effect of the other. 
Nevertheless, since stress most closely related to fear and anxiety it might not be directly 
triggered by the negative emotion of disgust. However, is well know that positive emotions 
have been proposed as antidote to stress as a part of a therapeutic regime for long term 
suffers or as part of a coping strategy, one other popular strategies for treating or managing 
this kind of emotions include cognitive behavioral therapy as the one mention in (Granath, 
Ingvarsson, von Thiele, & Lundberg, 2006). 

 
Experiences, events or perceptions which can be the cause of the stress are called 

stressors and this is not the only the main caused by immediate fears about physical survival 
or harm but also by threats to social esteem or successful performance of a task, especially 
when the situation is judged to be uncontrollable. There are many factors that might trigger 
stress and so it would be difficult to precisely delineate all possible stressors. 
 

The most common general stressors seem to be interpersonal tension work and more 
recently is the social networks, but in many cases the principal stressor can be very 
different. It is important and useful to distinguish between long terms stressor and transient 
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stressors, which are annoyances or factors with a short term influence in the daily life of 
the people, however, the reactions to a stressor depends upon personality type and the 
person’s perceived ability to cope. 
 
1.2.2 DETECTING STRESS 
 

A range of methods to detect stress have been developed, for example we can detect 
the stress by many physical expression in the body like in the sound waves of people talking, 
different forms of body pain. One more intrusive approach is to use sensors to detect bodily 
response like sweating or heart rate in order to detect specific instances of stress during the 
day or during a commute. 

 
Nowadays social media, one way to detect stress is by analysing their activities of the 

users in this social networks like, post, comments, frequency of activate, people that their 
follow, likes, etc.  

 

1.3 RELAXATION 

 
Relaxation in psychology, is the emotional state of a living being, of low tension, in 

which there is an absence of arousal that could come from sources such as anger, anxiety 
or fear. Relaxation is a form of mild ecstasy coming from the frontal lobe of the brain in 
which the backward cortex sends signals to the frontal cortex via a mild sedative. 
Relaxation helps improve coping with stress, therefore, feeling relaxed is beneficial for a 
person’s health. 
 
1.3.1 PSYCHOLOGICAL RELAXATION 
 

In psychology, relaxation refers to a state with the absence of tension an anxiety as 
is often seen as the polar opposite of stress, where the therapies are often proposed from 
anxiety disorders (Pagnini, Manzoni, Castelnuovo, & Molinari, 2013). For example, one of 
the most popular activities to reduce stress is yoga like recognised ant-stress exercises, 
relaxation techniques like muscle relaxation, others prefer to do some other activities as 
listening to relaxing music, watch a relaxing film or different distractions. 
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Relax during stressful situations can have the appositive effect (Wegner, Broome, & 

Blumberg, 1997) and stress is not always the polar opposite of relaxations, therefore, the 
two sentiment can co-exist to same extent. 

 
 

1.3.1 DETECTING RELAXATION 
 

To detect the relaxation of the person can be done in the following way, with the 
help of medical instrument able to measure the blood pressure as way say in the previous 
part the relaxations is a physiological expression, so it can be detected whit this instruments. 
 

The people that are relaxing frequently in a day, we can check his relaxation in its 
way of acting every day, his facial expression, and body expression even with the sound of 
his voice. Hence is also possible to detect with the study of body expression (Kleinsmith, A., 
& Bianchi-Berthouze, N. (2013). 
 

In the area of computer science, we can detect this expression with the information 
that each user give us every day with the uses of communications like sound voice, 
comments on social networks, like the variety of words that are used in their publications, 
frequency of publications, numbers of clicks on a web site, etc. 
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1.4 JUSTIFICATION 

 

Computer systems can access a constant stream of public social web text and those 
that are embedded within communication applications may also storage private message, 
Stress is a natural human reaction to threatening or unpleasant situations. Computer 
systems that interact with humans may benefit from being able to detect stress and take 
appropriate responses. For example, intelligent transportation systems, harness 
information’s from traffic sensor, road monitoring cameras, mobile phone GPS and 
Applications. There is a constant need to improve the range of sources of evidence for these 
systems. Stress is indirectly taking into account within transportation systems through 
predictable knowledge about stressful times, such as rush hour, stressful journeys, such as 
travel to a sports event, but accidents or random traffic jams cannot be predicted. To exploit 
the wealth of textual information available to computing systems to improve the predictive 
prover of this kind of systems.  

 
This thesis introduces a new technique to detect stress and relaxation strengths in 

short informal Spanish text by adapting the software TensiStrength from English, based on 
adapting and extending sentiment lexicons for Spanish. The results show that relaxation 
strength and average of stress and relax detections in the Spanish version of TensiStrength 
is slightly more effective than machine learning approaches at detecting stress and 
relaxation in Spanish tweets. 
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1.5 OBJECTIVES 

 

Taking the problem and the justification into considerations stated in the previous 
sections 1.1 and 1.4, the general and specific objectives of the work. 
 
1.5.1 GENERAL OBJECTIVES 
 

Design a system capable of detecting the stress and relaxations emotions expressed in 
short Spanish text presented in the social media whit the following properties: 
 

 Have the main characteristics of domain independence. 
 The system must have support for different Spanish regions, like Mexico, Spain, 

Chile, Argentina, etc. 
 
1.5.2 SPECIFIC OBJECTIVES 
 

To obtain the general objective in this work, the following characteristics are required. 
 

 Create a Spanish dictionary that includes the morphological forms of the words. 
 Have a sentiment dictionary focus on stress and relaxation detection. 
 Dictionary with idioms and their respective stress and relaxation values. 
 Obtain the most common written variation of the words in the context of social 

media. 
 Dictionary of regional words and their possible equivalent synonyms in the 

other regions. 
 Idiom dictionary that contains the words without a correct translation whit the 

corresponding values. 
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1.6 CONTRIBUTIONS 

 
The contributions of this thesis are as follows. 
 

 Spanish TensiStrength. Development of the system that detects Stress and 
Relaxation in short Text 

 Idioms Dictionary. Development of Spanish idiom dictionary with the most 
popular idioms in Mexico, Spain, Argentina, Chile. 

 Sentiment Dictionary. Adaptation of Spanish sentiment dictionary to stress 
and relaxations strength detection. 
 

1.7 DOCUMENT STRUCTURE  

 
This document is organized as follows:  
 
Chapter one gives an introduction to the reader to be able to understand the 

document, justifies the importance of the research and gives the general and specific 
objectives. 

 
Chapter two we review the theoretical framework in natural language processing 

and sentiment analysis.  
 
Chapter three there is a review of the state of art related to the research  on one 

hand the uses of the new features in automatic sentiment classifications using machine 
learning methods like, SVM, Neuronal Networks. 

 
Chapter four we describe the research and the methodology used to a get goal.  
 
Chapter five we have the conclusion after developed this research and proposals for 

future work.
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CHAPTER 2  

 

THEORETICAL FRAMEWORK 

 

In this chapter we are going to explain the theoretical framework in NLP, in first 
instance the vector space model and the most common similarity measures for this model, 
next we are going to have an overview of the opinion meaning, finally the septs for design 
the experiments in NLP  
 

2.1 TEXT REPRESENTATION 

 

 Since text is not a structured data there are different ways to represent this 

information, based on different subjective features chosen by the author, the principals are 
Bags of word, Word2vec, Part of speech, etc. 
 

2.1.1 BAGS OF WORDS 
 

 The bags of words model is a simplifying representation used in natural language 
processing and information retrieval, in this model, a text (sentence, document) is 
represented as the bag of the words that it contains, disregarding grammar and even word 
order but keeping multiplicity. For example, 
 

Sentence 1: John likes to watch movies. Mary likes movies too. 
Sentences 2: John also likes to watch football games. 
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 Based on these two text documents, a list of vocabulary is constructed as follows: 
 

‘John’, ‘likes’, ‘to’, ‘watch’, ‘movies’, ‘Mary’, ‘too’, ‘also’, ‘football’, ‘games’. 
 

 The principal problem with this method is the relationship between the words is not 
captured in the vector, since, it is represented by a vector of the size of the vocabulary. 
 

2.1.2 WORD2VEC 
 
 Word2vec is a group of related models that are used to produce word embedding. 
Word2vec maps words to vectors in such way that this vector keeps the relationship in the 
vector space model between the words base on the relations that they have in the documents 
this relations can be on their similarity, for example, positive words, negative words, 
articles, adjectives, nouns, countries, etc. Thus, in the vector space model the words appear 
in a relative similar area (figure 3). 
 

 
Figure 1. Vector space model in Word2Vec. 

 
Word2Vec has two models, the first is namely Continuous Bag of words and the 

second one is SkipGrama. 
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2.1 VECTOR SPACE MODEL 

 

The vector space model is a widely used model in computer science. It is more 
commonly used because the simplicity of the model and its very clear conceptual basis that 
corresponds to the human intuitions in processing information and data. 
 

The vector space model is represented using the features or characteristics and their 
values, which are the relations between the objects, by selecting the features means that we 
are building the model of our experimental objects, the selections are subjective, because 
we are taking the objects that we considered important at the moment to compare this two 
or more elements, this selection affects the model. Whit the features selected for the vector 
space model, we need to make other subjective decision, how to represent this features in 
the model, for example, representing the existence whit “1” and the absence whit “0”, also 
we can introduce the frequency, in natural language processing is the frequency of the 
words or n-grams in the document. For example, for the following sentences: 

 
Sentence 1: I want the new IPhone X 

Sentence 2: The Note 8 is better than the IPhone X 
 
The Vector space model of BOW for the sentences are: 
  

Table 1: BOW representations 

 I WANT THE NEW IPHONE X NOTE 8 IS BETTER THAN 

SEN. 1 1 1 1 1 1 1 0 0 0 0 0 
SEN. 2 0 0 2 0 1 1 1 1 1 1 0 
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2.1.1 SIMILARITY MEASURES FOR THE VECTOR SPACE MODEL 
 

Two vectors with N dimension can be comparted geometrically with many different 
similarity measure such as, cosine similarity that compare the vectors basis in their angles 
and the person correlations that is basis in cosine similarity but taking into account the 
average of the elements in the array. 

 
Figure 2: Vector space model 

 
2.1.1.1 Cosine Similarity 
 

This measure similarity is between two non-zero vectors of an inner product space 
that measure the cosine angle between them, if the cosine of 0° means that the two vectors 
are 100 %, because the cosine of 0° is 1, thus more grade are between the angles more 
differences are in the vectors. 
 

Similarity = cos(𝜃) = ∑ 𝐴𝑖𝐵𝑖
𝑛
𝑖=1

√∑ 𝐴𝑖
2𝑛

𝑖=1 √∑ 𝐵𝑖
2𝑛

𝑖=1

 

 
Where 𝐴𝑖 𝑎𝑛𝑑 𝐵𝑖 are components of the vector A and the vector B respectively.  
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2.1.1.2 Soft Cosine Similarity 
 

Soft cosine similarity is variance of the normal measure cosine similarity. The principal 
difference is that every computation made in the vector similarity need to analyse who 
similarity are the words in represented in the vector. The matrix of words similarity can be 
computed using different algorithms for word similarity. For example: 

 
 path similarity 
 Leacock Codorow  
 Wu-Palmer 
 Resnik 
 Jiang-Conarth 
 Lin 

Soft Cosine (A,B) = 
∑∑ 𝐴𝑖𝐵𝑖

𝑛
𝑖=1 𝑆𝑖𝑗

√∑∑ 𝐴𝑖
2𝑆𝑖𝑗

𝑛
𝑖=1 √∑∑ 𝐵𝑖

2𝑆𝑖𝑗
𝑛
𝑖=1

 

 
Where 𝑆𝑖𝑗 is the matrix similarity between words. 
   
2.1.1.3 Person’s Correlations 
 

Person’s correlation coefficient is the covariance of the two variables divided by the 
product of their standard deviations. The form of the definitions involves a product 
moment, that is, the mean in the first moment about the origin of the product of the mean-
adjusted random variables. 
 

Person’s Correlation = 
∑ (𝑋𝑖−�̅�)(𝑌𝑖−�̅�)𝑛

𝑖=1

√∑ (𝑋𝑖−�̅�)2𝑛
𝑖=1  √∑ (𝑌𝑖−�̅�)2𝑛

𝑖=1  
 

 
Person’s correlations is not commonly used in text similarity because it take the average of 
each vector, and depends in the features that we defined it is possible that is not a logic 
average, for example if we create the vector space model with the features of words the 
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words there is not a logic average because the words do not have numerical relations 
between them. 
 

2.3 MACHINE LEARNING IN NLP 

 
Machine learning methods in NLP are becoming more popular, due to, applying 

these techniques we can improve our results. The supervised machine learning methods 
are the most commonly used, where, the data is manually classified by one group of user to 
get a gold standard.  
 
2.3.1 NAÏVE BAYES 
 

Naïve Bayes is a probabilistic classifier based on applying Bates theorem with strong 
independence assumptions between the features. The model assigns class labels to problem 
instances presented as vectors of features, where the class labels are drawn from some finite 
set. All Naïve Bayes classifiers assume that the value of a particular feature is independent 
of the value of any other feature, regardless of any possible correlations between them, 
given the class variable (figure 2). 

 

 
Figure 3. Naïve Bayes Classification  
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In practical applications, parameter estimation for naïve Bayes models uses the 

methods of maximum likelihood. 
 
The probabilistic conditional model is represented as follows: given a problem 

instances that needs to be classified, represented by vector𝑋 = (𝑥1, . . . , 𝑥𝑛)  representing 
some n features, it assigns to this instances probabilities. 
 

𝑝(𝐶𝑘 |𝑥1, . . . , 𝑥𝑛) 
  

For each possible outcomes or classes 𝐶𝑘 
 

If there is the case where the numbers of features n is lager or if a features can 
take on a large number of values, then we reformulate the model using the Bayes’ 
theorem. 

 

𝑝(𝐶𝑘| 𝑥) =  
𝑝( 𝐶𝑘) 𝑝(𝑥|𝐶𝑘)

𝑝(𝑥)
 

 
There is only interest in the numerator because the denominator does not depend 

on C and the values of the features  𝑥𝑖 are given, so that the denominator is effectively 
constant, therefor, the numerator is equivalent to de joint probability model. 

 
𝑝(𝐶𝑘, 𝑥1, . . . , 𝑥𝑛) 

This means that under the above independence assumptions, the conditional 
distribution over the class variable C. 

𝑝(𝐶𝑘| 𝑥1, . . . , 𝑥𝑛) =  
1

𝑍
𝑝(𝐶𝑘)∏𝑝(𝑥𝑖|𝐶𝑘)

𝑛

𝑖

 

Where the evidence 𝑍 = 𝑝(𝑥) is a scaling factor dependent only on𝑥1, . . . , 𝑥𝑛. 
 
Finally, the naïve Bayes classifier combines this model with a decision rule, based 

on the most probable element known as the maximum a posteriori or MAP  decision rule. 

Thus, the function that assigns a class label for some k as follows: 

𝑦 = 𝑎𝑟𝑔𝑚𝑎𝑙𝑥𝑘∈{1,...,𝐾}𝑝(𝐶𝑘)∏𝑝(𝑥𝑖|𝐶𝑘)

𝑛

𝑖
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2.3.2 SUPPORT VECTOR MACHINE 
 

 Support vector machine constructs a hyperplane or a set of hyperplanes in a high 
or infinite dimensional space, which is used for classifications, we can say that a good 
separation made by the hyperplane is the largest distance to the nearest training data point 
class or functional margin, since in general the larger the margin the lower the 
generalization error of the classifier. 

 
Figure 4. Classification using support vector machine. 

 
A formal definition for Support vector machine algorithm, given a training dataset 

of n points of the form: 
( 𝑥1⃗⃗  ⃗, 𝑦1), . . . , (𝑥𝑛⃗⃗⃗⃗ , 𝑦𝑛) 
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 Where  𝑦𝑖 are either 1 or -1, each indicating class to which the point 𝑥𝑖⃗⃗  ⃗ belongs, 
each 𝑥𝑖⃗⃗  ⃗ is a p-dimensional real vector. We want to find the maximum margin hyperplane 
that divides the group of points 𝑥𝑖⃗⃗  ⃗ for which 𝑦𝑖 = 1 from the group of points which𝑦𝑖 =

 −1, that is defined by the distance between the hyperplane and the nearest point 𝑥𝑖⃗⃗  ⃗ from 
either group is maximized. Any hyper plane can be written as the set of points 𝑥  satisfying 

�⃗⃗� ∙ 𝑥 − 𝑏 = 0 
 
 To extend SVM to cases in which the data are not linearly separable, we introduce 
the hinge loss function. 

max (0,1 − 𝑦𝑖(�⃗⃗� ∙ 𝑥 − 𝑏)) 
 
 For the data on the wrong side of the margin, the function’s value is proportional 
to the distance from the margin, then, we need to minimize. 

[
1

𝑛
∑max (0,1 − 𝑦𝑖(�⃗⃗� ∙ 𝑥 − 𝑏))

𝑛

𝑖=1

] +  𝜆||�⃗⃗� ||2 

 
 Where the parameter 𝜆 determines the trade-off between increasing the margin 
size and ensuring the 𝑥𝑖⃗⃗  ⃗ lie on the correct side of the margin. 
 
2.3.3 DECISION TRESS 
  
 Decision tree is one of the most used predictive approaches used in machine 
learning. Tree models where the target variable can take a discreet set of values are called 
classifications trees, in these tree structure, leaves represent class labels and branches 
represent conjunctions of the features that lead to those class labels. 
 
 The C.45 tree builds from a set of training data, using the concept of entropy 
information. The training data is a set: 
 

𝑆 =  𝑠1, 𝑠2, . . . , 𝑠𝑛   
 
 Of already classified samples. Each sample 𝑠𝑖 consist of a p- dimensional vector with 

the following form. 
 

(𝑥1,𝑖, 𝑥2,𝑖, . . . , 𝑥𝑝,𝑖) 
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 Where the 𝑥𝑗 represent attribute values of features if the sample as well as the class 
which 𝑠𝑖 belongs. 
 
 The decision tree j45 chooses the attribute of the data that most effectively splits its 
set of samples into subsets enriched in one class or the other. The splitting criterion is the 
normalized information gain. The attribute with the highest normalized information gain 
is chose to make the decision. Whit the following cases: 

 All the samples in the list belongs to eh same class. When this case happens, it 
simply creates a leaf node for the decision tree saying to choose that class. 

 None of the features provide any information gain.  It creates a decision node 
higher up the tree using the expected value of the class. 

 Instance of previously unseen class encounters, when this happens, it creates a 
decision node higher up the tree using the expected value. 
 

 
Figure 5. Classifications using Decision tree j45. 
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2.3.4 ADABOOST 
 

AdaBoost is the short terminology for Adaptive Boosting, this machine learning 
meta-algorithm can be used in conjunctions with many other types of machine learning 
algorithms to improve their performance. The AdaBoost training process selects only those 
features know to improve the predictive power of the model, reducing dimensionality and 
potentially improving execution time as irrelevant features do no need to be computed.  
 

For the training, AdaBoost refers to a particular method of training a boosted 
classifier. A boost classifier is a classifier in the form 

𝐹𝑇(𝑥) =  ∑𝑓𝑡(𝑥)

𝑇

𝑡=1

 

Where each 𝑓𝑡 is a weak learn that takes an object 𝑥 as input and returns a value 
indicating the class of the class of the object. 
 

Each weak learner produces an output, hypothesis ℎ(𝑥𝑖), for each sample in the 
training set. At each iteration 𝑡 a weak learner is selected and assigned a coefficient 𝛼𝑡 such 
that the sum training error 𝐸𝑡 of the resulting t-stage boost classifier is minimized. 

𝐸𝑡 = ∑𝐸[𝐹𝑡−1(𝑥𝑖) + 𝛼𝑖ℎ(𝑥𝑖)]

𝑖

 

Where 𝐹𝑡−1(𝑥) is the boosted classifier that has been built up to the previous stage 
of training, 𝐸(𝐹) is the some error function and 𝑓𝑡(𝑥) =  𝛼𝑡ℎ(𝑥) is the weak learner that 
is being considered for additions to the final classifier. 

 
Finally, in the weighting at each iteration of the training process, a weight 𝑤𝑡 is 

assigned to each sample in the training set equal to the current error 𝐸(𝐹𝑡−1(𝑥𝑖)) on that 
sample. These weights can be used to inform the training of the weak learner, for instance, 
decision trees (Section 2.3.3) can be grown that favour splitting set of samples with high 
weights, in the figure 6, is a graphical example through 4 iteration of classifications in a 
data set. 
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Figure 6. AdaBoost classifications through 4 iterations. 

 

2.4 OPINION MING  

 
 In the broadest terms, opinion mining is the science of using text analysis to 
understand the meaning of the text. All the text is inherently minable, as such, while social 
media may be an obvious source of current opinion, reviews, web pages, online forums and 
survey responses can all prove equally useful. 
 
 Individual opinions are often reflective of broader reality. A single consumer who 
takes issues with a new product on social media likely speaks for many others. The goes for 
a member of the public who takes to a political campaigner’s web page to praise or criticise 
the policies proposed. 
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 Opinion can be used to expose critical areas of strength and weakness (section 1.1). 
This data allows executive to make the targeted, strategic overhauls needed to reinvigorate 
profitability or reclaim slipping market share. 
 

The date provide by the public sector can be used to build strategies by isolating the 
specific, topic-level (Liu, B., 2012) for positive, negative or neutral sentiment, opinion 
mining allows for the development of an incredibly deep level of social insights. 

 
The area of natural language processing have various approaches to solve the task 

of opinion mining, including. 
 

 Supervised machine learning (section 2.3), which make use of structured 
data and/or human annotation, for example, a set of “answers” from which 
machines learn in order to make future inference. 

 Semi and unsupervised machine learning, under which no guidance is 
supplied, and machines must learn to interpret unstructured data with 
minimal or no guidance. 

 Deep learning these are complex, multi-level system, actually advance in the 
sphere have shown promising result. 

 
One of the principal difference between sentiment analysis and opinion mining 

(some other author consider them as equals) is that sentiment analysis usually focuses on 
small data o corpus and opinion mining is made ones the sentiment is done it collects all 
the information to be analysed. 

 
There are three main approaches to the analysis. 

 Manual coding or gold standard: using internal resources to look at each 
data point and manually label it for sentiment and topics. This method can 
be very accurate but is time consuming and lacks scalability. 

 External platform: exporting collected data and sending it to an external 
crowd-sourcing platform to process and label. 

 Integrated approach: Data collection and opinion mining happened 
seamlessly in the same platform. Crowd-sourcing process is managed and 
therefore requires less setup to initiate a project. The result may be accessible 
faster and can be analysed alongside the original data.  
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2.5 EXPERIMENT DESIGN IN NLP 

 

To design a NLP experiment we can following the Design of experiment (G. 
Sidorov, 2013) for linguistic as is represented in the next schema (figure 6). 

 
Figure 7. Experiment design in Natural Language Processing. 
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Define the task: Before to starting the experiment we need to select the problem for 
example, sentiment analysis, Author recognition, entity recognition, Post tagger, etc. Limit 
the scope of the research is an important step, because the system is hard to have a good 
accuracy in different domains, for example, a sentiment analysis program made to 
cellophanes review, is not going to have the same accuracy if we evaluate it against hotel 
review.  

Select/Create a corpus: With the domain selected we need to download the data from 
if it already exist one or we can recollect our own the data, from different web site, such as, 
Facebook, Twitter, Amazon, TripAdvisor, etc. depending on the previous selected task or 
domain. 
 

Gold Standard: The downloaded data it is usually tagged by the previous authors, 
therefor, if we collect the data we need to label it manually to ensure a good gold standard 
to evaluate our methods in the last part of the design. It is important to base on judgments 
of several annotators and to calculate the agreement between them to determine the top 
line. 
  

Vector Space Model: For the vector space model we can select various types of 
features, for example, unigrams, n-grams, based on different words methods, for example, 
lemmas, steaming, POS tags, etc. and several types of values TF, TF-IDF, etc. Furthermore, 
we can apply a specific method to make some change in the standard vector space model , 
for example add, new features provide from others systems, eliminate some words like, stop 
words, etc. 

 
Latent Semantic Analysis: This step can be option. This technique is use to analysing 

relationship between a set of documents and the terms that they contain by producing a set 
of concepts related to the documents and terms. LSA assumes that words that are close in 
meaning will occur in similar pieces of text. 
 

State of Art: Define and implement four or more methods that had been applied to 
the same task that we propose in the sept one, the first can be the simplest in the problem 
and the remainders should be more complex.  
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Machine learning Methods. In this step we select the machine learning methods or 
new implementations that we considered the appropriate technique to the task defined in 
the first step in of this section. For example, SVM, decisions trees, Random Forest, etc. 
 

Text to machine learning input. One selected the one or more implementation of 
machine learning methods to our experiment, we need to transform our text to the 
appropriate input to this implementations, for example, if we used WEKA, software to 
implement different ML techniques, we need to transform the text into ARFF file, or if we 
use skit learn a python library it should be into a vector space model (section 2.1), etc. 
 

Experiments. The experiments are the procedures that can be performed by the 
machine learning methods, they are able to automatically distinguish between several 
classes defined in the corpus based on the vector space model. We strongly recommend to 
uses 10 cross fold validation. 
 

Analysis of results. To analyse our results compare to the gold standard, we can use 
the values of precision, recall, coverage and especially of F1 measure for all of the 
implementation of the step six of this section and perform a comparison between the 
methods. If the proposed method gives better results, this method is justified. 
 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑎𝑛𝑠𝑤𝑒𝑟𝑠 𝑝𝑟𝑜𝑣𝑖𝑑𝑒𝑑

𝑇𝑜𝑡𝑎𝑙 𝑎𝑛𝑠𝑤𝑒𝑟𝑠 𝑝𝑟𝑜𝑣𝑖𝑑𝑒𝑑
 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑎𝑛𝑠𝑤𝑒𝑟𝑠 𝑝𝑟𝑜𝑣𝑖𝑑𝑒𝑑

𝑇𝑜𝑡𝑎𝑙 𝑎𝑛𝑠𝑤𝑒𝑟𝑠 𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑
 

 

𝐶𝑜𝑣𝑒𝑟𝑎𝑔𝑒 =  
𝑇𝑜𝑡𝑎𝑙 𝑎𝑛𝑠𝑤𝑒𝑟𝑠 𝑝𝑟𝑜𝑣𝑖𝑑𝑒𝑑

𝑇𝑜𝑡𝑎𝑙 𝑎𝑛𝑠𝑤𝑒𝑟 𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑
 

 

𝐹1 =  
2 ∙ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∙ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
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CHAPTER 3  

 

STATE OF THE ART 

 

The research in the field started with sentiment and subjectivity classification, which 
treated the problem as a text classification problem. Sentiment classification classifies 
whether an opinionated document (e.g., product reviews) or sentence expresses a positive 
or negative opinion. Subjectivity classification determines whether a sentence is subjective 
or objective. 

 
In this chapter we are going to introduce the principal’s related Works in this task. 
 

3.1 LEXICAL APPROACH 

 

In this section we are going to present an alternative to using machine learning, an 
alternative approach is to score different words for sentiment, either manually or 
automatically (Dave, K., Lawrence, S., & Pennock, D. M, 2003). The linguistic resource 
WordNet (Baccianella, S., Esuli, A., & Sebastiani, 2010) contains many sentiment words, (e.g. 
good and great are positive words; bad and terrible are negative words 

 
3.1.1 SENTIWORDNET 
 

SentiWordNet is a lexical resource explicitly devised for supporting sentiment 
classifications and opinion applications.  This lexicon has been improved by the time since 
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the first version was released in SetinWordNet 1.0 (Esuli and Sebastiani, 2006) , this lexical 
resource is public available for research purposes, nowadays it is licensed to more than 300 
research groups and used in a variety of research projects worldwide. This Sentiment 
lexicon is the result of automatically annotation into Synsets according to their degrees of 
positivity, negativity and neutrality. Each Synset s is associated to three numerical scores 
Pos(s), Neg(s), and Obj(s) which indicate how positive, negative, and “objective” (i.e., 
neutral) the terms contained in the Synset are. Different senses of the same term may thus 
have different opinion-related properties.  

Each of the three scores ranges in the interval [0.0, 1.0], and their sum is 1.0 for 
each Synset. This means that a Synset may have nonzero scores for all the three categories, 
which would indicate that the corresponding terms have, in the sense indicated by the 
Synset, each of the three opinion- related properties to a certain degree.  

Table 2. Positive and Negative Score for the Synset Job from SentiWordNet 

SYNSET 
POSITIVE 

SCORE 
NEGATIVE 

SCORE 

OCCUPATIO
N.N.01 

0.0 0.0 

JOB.N.02 0.0 0.0 

JOB.N.03 0.0 0.0 

JOB.N.04 0.0 0.0 

JOB.N.05 0.125 0.0 

JOB.N.06 0.0 0.0 

JOB.N.07 0.0 0.25 

PROBLEM.N.
01 

0.0 0.625 

JOB.N.09 0.0 0.0 

JOB.N.10 0.0 0.375 
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3.1.2 EXPAND SENTIMENT DICTIONARY USING BOOTSTRAPPING METHODS 
 

Bootstrapping methods can expand a sentiment dictionary from its initial positive 
and negative seed words. In (Andreevskaia, A., & Bergler, 2006) they present a method for 
extracting sentiment-bearing adjectives from WordNet (Baccianella, S., Esuli, A., & 

Sebastiani, 2010) using the Sentiment Tag Extraction Program (STEP). Where they did 58 
STEP runs on unique non-intersecting seed lists drawn from manually annotated list of 
positive and negative adjectives and they evaluated the results against other manually 
annotated lists. Where they show that in the 58 runs were then collapsed into a single set 
of 7,813 unique words. For each word they computed a Net Overlap Score by subtracting 
the total number of runs assigning to theses word a negative sentiment from the total of the 
runs that consider it positive. They demonstrate that Net Overlap Score can be used as a 
measure of the words degree of membership in the fuzzy category of sentiment: the core 
adjectives, which had the highest Net Overlap scores, were identified most accurately both 
by STEP and by human annotators, while the words on the periphery of the category had 
the lowest scores and were associated with low rates of inter annotator agreement. 

In this research they seek to develop an approach for semantic annotation of a fuzzy 
lexical category and apply it to sentiment annotation of all WordNet words. The sections 
describe the proposed approach used to extract sentiment information from WordNet 
entries using STEP (Semantic Tag Extraction Program) algorithm, with the discussion of the 
overall performance of STEP on WordNet glosses. In the outline the method for defining 
centrality of a word to the sentiment category, and to compare the results of both automatic 
(STEP) and manual (HM) sentiment annotations to the manually annotated list, which was 
used as a gold standard for the experiment. The comparisons are performed separately for 
each of the subsets that are characterized by a different distance from the core of the lexical 
category of sentiment.  

Alternatively, a sentiment lexicon can be generated from pre-classified texts using 
a separating algorithm (Peng, Wei and Dae Hoon Park, 2010). 

 
In this work, they present an automatic sentiment dictionary generation method, 

called Constrained Symmetric Nonnegative Matrix Factorization (CSNMF) algorithm, to 
assign polarity scores to each word in the dictionary, on a large social media corpus - 
digg.com.  
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Moreover, they demonstrated their study of Amazon Mechanical Turk (AMT) on 
social media word polarity, using both the human-labelled dictionaries from AMT and the 
General Inquirer Lexicon to compare their generated dictionary with. In their experiment, 
they show that combining links from both WordNet and the corpus to generate sentiment 
dictionaries does outperform using only one of them, and the words with higher sentiment 
scores yield better precision. Finally, they conducted a lexicon-based sentiment analysis on 
human-labelled social comments using a generated sentiment dictionary to show the 
effectiveness of the method.  

They start from 27 positive and 25 negative seed adjective words, only 52 in total. 
Those seed word set can be denoted as 𝑆0. Then, they expand them on WordNet by 
including their synonyms and antonyms. This results in the 1-level word set 𝑆1 (around 
400 words, 165 positive and 216 negative where the positive set is S+1 and the negative set 
is 𝑆−

1 ), in which the positive word set 

𝑆+
1 =  𝑆+

0  ⋃ 𝑆𝑦𝑛𝑜𝑛𝑦𝑚𝑠 (𝑆+
0) ⋃𝐴𝑛𝑡𝑜𝑛𝑦𝑚𝑠 (𝑆−

0) 

 The negative set is: 

𝑆+
1 =  𝑆−

0  ⋃ 𝑆𝑦𝑛𝑜𝑛𝑦𝑚𝑠 (𝑆−
0) ⋃𝐴𝑛𝑡𝑜𝑛𝑦𝑚𝑠 (𝑆+

0) 

More words can be added by expanding the adjective word set S1 on WordNet. In 
the experiment, to guarantee the higher precision, they further crawl only 1 or 2 levels on 
WordNet because the more levels the experiment has, the weaker sentiment words it get. 
The final word set obtained from the WordNet is SWordNet is 𝑆𝑊𝑜𝑟𝑑𝑁𝑒𝑡. 

The number of times that a word i and word j appear to be synonyms is denoted as 
𝑤+

𝑖𝑗 . The number of times that a word i and word j appear to be antonym is 𝑤−
𝑖𝑗 , they are 

either 0 or 1.  

To run the algorithm, two input matrices, the graph matrix X and the constraint 
matrix C, are needed. They are both nonnegative symmetric matrices with the same 
cardinality to represent ‘attractions’ and ‘repulsions’ between the words in S. The entry 𝑥𝑖𝑗 
in X is the graph edge weight between words i and word j. It is calculated from the synonym 
relations from WordNet and the ‘and’ conjunction relations, and can be formulated as.  

𝑋𝑖𝑗 = 𝑤+
𝑖𝑗

+ 𝐿𝑜𝑔(𝑑+
𝑖𝑗

+ 1) 
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The adoption of the logarithmic transform of the sum of the link- ages to avoid the 
huge edge weights that exist among frequent words. The constraint matrix C  has each 
non-zero entry value denoting a Cannot-link weight between two adjectives calculated 
from the antonym relations from WordNet and the ‘but’ conjunction relations. It can be 
written as  

𝐶𝑖𝑗 = 𝐼𝑖𝑗 + 𝐿𝑜𝑔(𝑑−
𝑖𝑗 + 1) 

Where 𝐼𝑖𝑗 = 1 if word i is in 𝑆+ 
1 and word j is in 𝑆−

1   or vice versa, otherwise 𝐼𝑖𝑗 = 0.  

 

3.2 SENTIMENT STRENGTH DETECTION  

 
For sentiment strength detection, an algorithm has been developed that collects 

synonyms and antonyms, assigning a sentiment strength to each word using a probabilistic 
method (Kim, S. M., & Hovy, 2004) A and B.  

 
The paper attacks the following challenge problem. Given a Topic (e.g., “Should 

abortion be banned?”) and a set of texts about the topic, find the Sentiments expressed about 
the Topic (but not its supporting subtopics) in each text, and identify the people who hold 
each sentiment. To avoid the problem of differentiating between shades of sentiments, they 
simplify the problem to: identify just expressions of positive, negative, or neutral sentiments, 
together with their holders. In addition, for sentences that do not express a sentiment but 
simply state that some sentiment(s) exist(s), return these sentences in a separate set. 
 

For word sentiment classification they developed two models. The basic approach is 
to assemble a small amount of seed words by hand, sorted by polarity into two lists positive 
and negative and then to grow this by adding words obtained from WordNet. The principal 
assume is that synonyms of positive words are mostly positive and antonyms mostly 
negative, however, not all synonyms and antonyms could be used: some had opposite 
sentiment or were neutral. In addition, some common words such as “great”, “strong”, “take”, 
and “get” occurred many times in both positive and negative categories 
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They can also assign strength of sentiment polarity to as yet unseen words. Given a new 
word, with the use WordNet again to obtain a synonym set of the unseen word to determine 
how it interacts with our sentiment seed lists. By the following computation:  
 

𝑎𝑟𝑔𝑚𝑎𝑥𝐶𝑃(𝑐 | 𝑤) 
 

≅ 𝑎𝑟𝑔𝑚𝑎𝑥𝐶𝑃(𝑐 | 𝑠𝑦𝑛1, 𝑠𝑦𝑛2, . . . , 𝑠𝑦𝑛𝑛)  
 

Where c is a sentiment category, w is the unseen word, and , 𝑠𝑦𝑛𝑛 are the WordNet 
synonyms of w. 

 

Another method uses a pre-classified corpus of texts to identify words that often 
occur in miss-classified texts, assigning them the sentiment score that would most 
frequently correct the classification for the texts containing them (Thelwall, M., & Buckley, 

2013). 
SentiStrength (Thelwall, M., Buckley, K., Paltoglou, G., Cai, D. and Kappas, 2010) is a 

sentiment analysis algorithm that uses a dictionary of positive and negative terms with 
sentiment strength values from 2 to 5 for positive sentiment and -2 to -5 for negative 
sentiment in English. It has additional rules to deal with more complex ways of expressing 
sentiment, including for negation (with a list of negating words), idioms, and emoticons.  

 
The SentiStrength emotion detection algorithm was developed on an initial set of 

2,600 MySpace classifications used for the pilot testing. The key elements of SentiStrength 
are listed below: 
 

 The core of the algorithm is the sentiment word strength list. This is a collection of 
298 positive terms and 465 negative terms classified for either positive or negative 
sentiment strength with a value from 2 to 5. 

 
 This algorithms starts with the baseline human-allocated term strengths for the 

predefined list and then for each term assesses whether an increase or decrease of 
the strength by 1 would increase the accuracy of the classifications. 

 
 A spelling correction algorithm identifies the standard spellings of words that have 

been miss-spelled by the inclusion of repeated letters. 
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 An emoticon list with associated strengths (positive or negative 2) supplements the 
sentiment word strength list (and punctuation included in emoticons is not 
processed further for the purposes below). 

 
 Any sentence with an exclamation mark was allocated a minimum positive strength 

of 2. 
 

3.3 SENTIMENT STRENGTH DETECTION IN SPANISH  

 

A version of SentiStrength has been made for Spanish (Vilares Calvo, D., Thelwall, 

M., & Alonso, 2015). It was optimised for real-time analyses of political tweets from 
mainland Spain, for example by political-related sentiment terms to the dictionaries. 
 

SentiStrength and provides its first formal evaluation for Spanish. To achieve this 
goal, a human-annotated Spanish corpus of tweets was created and the existing linguistic 
resources for SentiStrength were adapted 
 

Lists of sentiment-related terms form the core of lexical sentiment analysis 
algorithms such as SentiStrength. Although there are several Spanish sentiment lexicons, 
they mainly distinguish between positive and negative words or do not use the same 
sentiment scale as SentiStrength 
 

SentiStrength includes a number of options to configure the behaviour of the 
algorithm, such as the maximum number of terms allowed between a negating word and 
a sentiment word. They used the development set to assess whether changes in these 
parameters could improve the overall SentiStrength results. Also, with the optimization of 
the choice of parameters via a greedy search based upon performance (using the main 
correlation metric) on the development set. For example, the experiments on the 
development set indicated that flipping negated negative words to positive was better than 
neutralizing them. 

 
In the work of Sentiment polarity detection in Spanish reviews combining 

supervised and unsupervised approaches (María-Teresa Martín-Valdivia, Eugenio 
Martínez-Cámara, Jose-M. Perea-Ortega, L. Alfonso Ureña-López 2013). They propose the 
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use of meta-classifiers that combine supervised and unsupervised learning in order to 
develop a polarity classification system.  With the used a Spanish corpus of film reviews 
along with its parallel corpus translated into English. Firstly, they generate two individual 
models using these two corpora and applying machine learning algorithms. Secondly, we 
integrate SentiWordNet into the English corpus, generating a new unsupervised model. 
Finally, the three systems are combined using a meta-classifier that allows us to apply 
several combination algorithms such as voting system or stacking.  

 
The results obtained outperform those obtained using the systems individually and 

show that this approach could be considered a good strategy for polarity classification 
when we work with parallel corpora 
 

3.3 STRESS AND RELAXATION STRENGTH DETECTION 

 
So far, only one previous study has attempted to detect stress and relaxation. The 

software TensiStrength focused on transport-related contexts and adapted the lexical 
approach and dictionaries of SentiStrength (Thelwall, M., Buckley, K. and Paltoglou, 2012) 
to this new context (Thelwall, 2017). 

 
TensiStrength is an adaptation of the sentiment strength detection software 

SentiStrength (Thelwall, Buckley, Paltoglou, Cai, & Kappas, 2010; Thelwall, Buckley, & 
Paltoglou, 2012). The tasks of sentiment and stress/relaxation detection are related but are 
not equivalent. This is not an exact match because positive valence and low arousal could 
reflect unenthusiastic happiness rather than relaxation 
 

TensiStrength uses a lexical approach with lists of terms related to stress and 
relaxation. This terms are not only synonyms for stress, anxiety and frustration but also 
terms related to anger and negative emotions because stress can be a response to negative 
events and can cause negative emotions. The list also includes stressors as additional 
indirect indicators in the belief that if someone describes situations that are likely causes of 
stress, such as being late, then they may be experiencing stress. TensiStrength also attempts 
to detect the opposite state to stress, relaxation, through a parallel approach. This uses a list 
of terms describing or associating with relaxed situations or relaxed states. These terms also 
include indicators of positive sentiment. These terms are motivated by the belief that stress 
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tends to be negative and relaxation tends to be positive. The relationship is not 
straightforward, however, due to eustress and due to joking and laughter as a normal 
reaction to negative stress (Kuiper & Martin, 1998). For this reason, relaxation is monitored 
separately to stress, although with rules that relate them (e.g., through negation). 

 
 For this project a set of English tweets was collected using different key words. 

TensiStrength detects the strength of stress and relaxation expressed in texts instead of 
positive and negative sentiments. TensiStrength performed slightly better than machine 
learning algorithms (SVM, J48 Tree, Naïve Bayes and AdaBoost) for this task. There is no 
similar system for Spanish, however.
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CHAPTER 4  

 

METHODOLOGY 

 
In the following chapter we are going to explain the task of detecting stress and 

relaxations which is similar to the existing task of detecting sentiment in text. Therefore, 
we use a Spanish corpus manually label and multiple rules to assignee the correct stress 
and relaxation score to each tweet. 

 

4.1 CORPUS 

 

A development set of Spanish tweets was coded for sentiment by the first author and 
a second set was independently created for evaluation purposes. 
 

A corpus of 1000 Spanish tweets was collected using 1800 keywords relating to 
stress, emotion, opinion, insults and common terms (Appendix), using the Twitter API. From 
each category 200 tweets were randomly selected to give a balanced corpus for the five 
themes. 
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The analysis of the corpus show that the increase of the new words in the text are 
no lineal (figure 7), it will be a moment that adding new tweets will not be any differences. 
Whit a limited numbers of words it is important to fiend which are the sentiment words, of 
the Spanish language. 

 
Figure 8: Vocabulary Growth by increasing the analysed tweets. 

 
A gold standard was obtained with the help of 3 independent native Spanish 

speakers unrelated to the project. Each tweet was assigned a stress value (-1 to -5) and a 
relaxation value (1 to 5), where the scores -1 and 1 means that the tweet does not express 
any stress and relaxation, respectively. A coding manual and pilot testing were used to 
improve the level of coding consistency, following the standard practice (Wiebe, J., Wilson, 

T. & Cardie, 2005), for example in the following randomly tweet: 
 

¡Se podrá derrumbar México, pero jamás el amor por nuestro País! 
(Mexico may collapse, but love for our country never!) 

 
Analysing stress sentiment: the first part of the sentences “Se podrá derrumbar 

México” it has a stress sentiment, focussing in the word derrumbar (collapse), the stress 
value that the coder could assignee following the instructions is -2. 
 

For the relaxations score, is given by the word amor (love) in the second sentences 
“pero jamás el amor por nuestro País”, and as the case of the first part of the sentences the 
coder value should be +2. 
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Stress and relaxation value that the coder should assign to this sentences in the 

classification is Stress-2 and relaxation +2.  
Inter-coder agreement is a difficult task in sentiment analysis, because even the 

opinion in the text can be influenced by the experience of the coders and their experiences, 
nerveless, the figure 8 show that the coders have similar numbers of classifications on the 
tweets. 

Figure 9: Scores in the 1000 Spanish Tweets, classified by the three coders. 
 

Inter-coder agreement was evaluated between the 3 coders using Krippendorff's α 
(Table 5), together with other scores for reference (Tables 3, 4). The levels indicate at least 
moderate inter-coder agreement. Given that this is a subjective task, this is a reasonable 
outcome and justifies the use of this data as a gold standard. 
 
 

Table 3. Pearson correlations between coders on the 1000 evaluation tweets. 

CODER STRESS RELAXATION 

A VS B 0.707 0.689 

A VS C 0.606 0.616 

B VS C 0.545 0.581 
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Table 4. MAD between coders on the 1000 evaluation tweets. 

CODER STRESS RELAXATION 

A 1.25 0.67 

B 1.28 0.97 

C 1.03 0.93 

AVERAGE 0.99 0.78 

 

Table 5. Krippendorff’s α between coders on the 1000 evaluation tweets. 

CODER  STRESS RELAXATION 

A VS B 0.707 0.688 

A VS C 0.543 0.571 

B VS C 0.483 0.544 

A VS B VS C 0.697 0.716 

 
The gold stand was made from the three sets of classification, by taking the 

arithmetic mean of the classifications and rounding to the nearest integer (e.g. Coder A: 3, 
Coder B: 2, Coder C:3, new gold standard: 3). 

 
In the table 6 there is Stress and Relaxations sentiment valance. The corpus can be 

considered balanced, due to, there is that 58% represent stress sentiment( 42 % neutral 
stress sentiment ) and other 34.2% is relaxation (65.8% does not have relaxations 
sentiment), therefor, is a recommendable corpus for the sentiment analysis problem.  

 
Table 6. Stress and Relaxations valance in the 1000TW corpus 

 STRESS RELAXATION 

 Score < -1 Score = -1 Score >1 Score = 1 

CODER A 545 455 302 698 

CODER B 340 660 185 815 

CODER C 531 469 321 679 

NEW GOLD 
STANDARD 

580 420 342 658 
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4.2 SPANISH TENSISTRENGTH 

 
The Spanish version of TensiStrength was adapted from the Spanish version of 

SentiStrength by expanding and changing the score of the Spanish sentiment dictionary 
based on the modifications made in English TensiStrength from the English SentiStrength 
to detect stress and relaxation rather than negative and positive sentiment. 
The following steps were used. 

 
 Finding words with different scores (e.g., stress in English SentiStrength has a 

score of -2 but -4 in English TensiStrength). 
 

 Take all the possible translation of each word in the previous step. 
 

 Finding the best translations of the word in Spanish 
SentiStrength (e.g. stress score: -2 can be translated to estrés score: -2, tensión 
score: -2, presión score: -3; the best translations are estrés and tensión). 

 
 Making the corresponding Spanish TensiStrength score modifications (e.g., 

estres -2 to -4) 
 

 Change some words score to the max value between SentiStrength and the small 
dictionary created using SVM, Random Forest and AdaBoost Classifier. 

 
 Include all the morphological variation of the words using a morphological 

Spanish dictionary (e.g. from reir (Laugh) was added reirá, reirás, reirán, reirás, 
reiré, reiremos, reiría, reirías, reiríamos, reirían, reirías).  

 
The Spanish SentiStrength dictionary with over 26,000 words was expanded with 

19,000 words that are non-standard spellings of the main terms, usually by the omission 
of accents (e.g. mañana (Tomorrow/morning) to manana, mama (mother) to mama). 
Diminutives, subjunctives and irrealis were not added because they have multiple 
meanings, and the TensiStrength algorithm does not use word sense disambiguation 
because it is designed for informal text. 
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The TensiStrength idioms dictionary consists of phrases with more than one word. It 
was based on the SentiStrength list but with 66 new idiomatic phrases from different parts 
of the world to make it more accurate in regardless the origin of the tweet. 
 

The slang words dictionary was also expanded from the Spanish SentiStrength set of 76 
slang words with 41 new words, mainly from Latin America (e.g. plata (Money) and 
chamba (Money)). 
 

The Spanish question words list is used to identify questions, which modify sentiment 
rules. The existing (SentiStrength) list was modified by adding gender and plural variations 
(e.g. Cuánto (how), Cuánta (how) and Cuántos (how)), as well as common social media 
abbreviations (e.g. qué (what) to que and q). 
 

TensiStrength also uses a list of negating words and a list of emoticons, both of which 
were imported from SentiStrength. 
 

The score assigned by TensiStrength for stress and relaxation the highest value of any 
stress/relaxation word found in the text. There are twelve additional rules to modify this 
value, however, including for idioms, questions, negation and booster words and spellings. 
The following rules are the main ones.   

 
 Booster words increase or decrease the score of following sentiment words. 
 Negating stress words neutralize them. 
 At least two additional letters added to a word increased its stress or relaxation 

score by one (e.g., buennnno (good)). 
 Exclamation marks increase the stress or relaxation of a sentence by 1. 
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CHAPTER 5 

EXPERIMENTAL RESULTS 

 
This chapters introduces the measures evaluations for the systems, and the 

explanations and interpretation of the results of the experiments. 
 
Spanish TensiStrength was evaluated on the human-coded corpus of 1000 Spanish 

tweets, as described above. It was compared to machine learning classifiers using AdaBoost, 
Random Forest, Naïve Bayes and Support Vector Machines (SVM). This classifications were 
done by using scikit-learn with the default parameters and we used ten-fold cross-
validations. The words used in the tweets were used as the features for this. 

 
Pearson correlations were used as the principal evaluation because this reflects the 

closeness between the prediction and the true value in cases where the prediction is not 
perfect. It is therefore better than precision and recall metrics. 
 

TensiStrength is slightly better in relaxation detections and in the new gold standard 
overall than the machine learning algorithms tested (Table 7). It does not get the highest 
score for stress dimension but outperforms all algorithms on either one (AdaBoost, SVM, 
Random Forest) or two (Naïve Bayes) dimensions. In both dimensions, TensiStrength is also 
reasonably close to the highest in stress detections scores. This is a good outcome given that 
TensiStrength is not trained on any data and the principal disadvantage of machine 
learning is that is usually works well only on the types of texts that it is trained on (e.g. 
political texts, product reviews, movies reviews). 
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Table 7. The accuracy of Spanish TensiStrength and machine learning on the evaluation 
corpus of 1000 tweets using Person Correlation. 

METHOD CODER STRESS RELAXATION 
STRESS-RELAXATION 

AVARAGE 

TensiStrength 

A 0.6206 0.4751 

0.5840 

B 0.4232 0.4796 

C 0.5745 0.5046 

New 
gold 

standard 
0.6222 0.5457 

SVM 

A 0.4519 0.6741 

0.5496 

B 0.4714 0.6510 

C 0.6480 0.8031 

New 
gold 

standard 
0.6209 0.4784 

Random Forest 

A 0.5425 0.5263 

0.5487 

B 0.5060 0.4514 

C 0.4006 0.3245 

New 
gold 

standard 
0.5704 0.5270 

AdaBoost 
Classifier 

A 0.3662 0.6713 

0.5471 

B 0.3641 0.6400 

C 0.6389 0.7822 

New 
gold 

standard 
0.6729 0.4213 

Gaussian Naive 
Bayes 

A 0.3291 0.5821 

0.4338 

B 0.3367 0.5603 

C 0.5070 0.7036 

New 
gold 

standard 
0.5273 0.3403 

 
 TensiStrength performance in precision (Table 8) is also better and in relaxation 
detection and the second best in stress detection giving the heights average score against 
the other machine learning algorithms. In recall measure (Table 9) the permanence of our 
method has problems but not enough to be the worst even that is not trained on any data 

unlike the others algorithms. 
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Table 8.Precision of Spanish TensiStrength and machine learning on the evaluation corpus 
of 1000 tweets. 

Method Coder stress Relaxation 
Average of 
New gold 
standard 

TensiStrength 

A 0.5500 0.6700 

0.5650 
B 0.6800 0.8200 

C 0.5400 0.6700 

New Gold 
Standard 

0.4900 0.6400 

SVM 

A 0.4147 0.6038 

0.5114 
B 0.5925 0.7189 

C 0.4263 0.5726 

New Gold 
Standard 

0.4441 0.5788 

Random 
Forest 

A 0.4229 0.5613 

0.4810 
B 0.5909 0.7108 

C 0.4006 0.5358 

New Gold 
Standard 

0.5452 0.4168 

Gaussian 
Naïve Bayes 

A 0.3711 0.5820 

0.4696 
B 0.5553 0.6950 

C 0.3894 0.5366 

New Gold 
Standard 

0.3902 0.5491 

AdaBoost 

A 0.3659 0.5409 

0.4141 
B 0.4726 0.7290 

C 0.3727 0.5145 

New Gold 
Standard 

0.3384 0.4899 
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Table 9. Recall of Spanish TensiStrength and machine learning on the evaluation corpus of 
1000 tweets. 

Method Coder stress Relaxation 
Average of 
New gold 
standard 

Random 
Forest 

A 0.5051 0.7151 

0.5787 
B 0.6661 0.8042 

C 0.4991 0.6872 

New Gold 
Standard 

0.6522 0.5053 

 SVM 

A 0.4520 0.6741 

0.5597 
B 0.6480 0.8031 

C 0.4715 0.6511 

New Gold 
Standard 

0.6409 0.4785 

AdaBoost 

A 0.3722 0.6762 

0.5442 
B 0.6389 0.7702 

C 0.3612 0.6333 

New Gold 
Standard 

0.6680 0.4204 

TensiStrength 

A 0.5000 0.4700 

0.4850 
B 0.4600 0.5000 

C 0.4800 0.4900 

New Gold 
Standard 

0.4800 0.4900 

Gaussian 
Naïve Bayes 

A 0.3291 0.5822 

0.4339 
B 0.5070 0.7037 

C 0.3367 0.5603 

New Gold 
Standard 

0.5273 0.3404 

 
 TensiStrength strength detection stress and relaxation is not perfect, but the score 
given in the cases where it was defined by the New Gold Standard was very close in many 
cases the difference was in the range of +1 or -1 (Table 10 and Table 11). 
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Table 10. TensiStrength confusion table in relaxation detection of the 1000 Tweets. 

 Predicted Class 

Real class 

Strength 1 2 3 4 5 

1 358 170 86 30 14 

2 50 59 55 18 8 

3 10 13 26 18 8 

4 3 4 10 26 9 

5 0 0 1 7 17 

 
 

Table 11.TensiStrength confusion table in stress detection of the 1000 Tweets. 

 Predicted Class 

Real class 

Strength -1 -2 -3 -4 -5 

-1 299 55 53 13 0 

-2 64 31 92 44 15 

-3 14 12 89 49 12 

-4 9 10 28 48 21 

-5 3 4 2 17 16 

 
See the appendix to view all the full confusion tables for each individual coder. 

 

5.1 ERROR ANALYSIS 

 

As is well known, one of the most difficult problems in Natural language Processing 
is detect the irony (Carvalho, P., Sarmento, L., Silva, M. J., & De Oliveira, 2009) and is 
common in social media text, even for the people is a challenge to recognize whit out the 
appropriate context, and in the case of tweets we only have a small text that does not give 
us any context of the tweet, for this reason, the irony give us the principal accuracy error 
in the system. 
 

One of the principal’s problems that TensiStrength has been the problem is to detect the 
correct meaning or score to some words because nowadays in the social media there are 
many users that write of different forms the same words and some of those words have 
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similar spelling whit other word whit different definitions and in this case we can get a 
wrong classification from the system, for example, yo comó (I ate) is common that the users 
omit the use of accents and they write the sentences like yo como, the word como has 
different definitions in Spanish: 
 

 Adverb: like and as. 
 Conjunction: as. 
 Preposition: as, like, by the way or qua. 

 
Coder agreement score in text classifications is another crucial part of the experiment 

to get an accurate gold standard, this is a challenging task even for the same person 
classification the same set of text in a different time. In our experiment can be a significant 
problem with the accuracy considering the case where the scores (Table 4) in the 
TensiStrength stress detection in between coder A and B there is 0.1761 of difference. The 
coder agreement can be an influence in the final accuracy.
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CONCLUSIONS 

 
The results show that the new Spanish TensiStrength is able to detect the strength of 

relaxation and stress in Spanish tweets without the need for a training corpus as about the 
same level of performance as for machine learning on a human-coded corpus. This level of 
performance is also far above random (i.e., a correlation of 0). It is therefore reasonable to 
use TensiStrength on other types of data. Although it may not perform well for narrowly 
focused topics with specialist terminology, it should give reasonable results on all types of 
general tweet, as used here. 
 

FUTURE WORK 

 

In future work, we plan to incorporate more feature and expended all the dictionary 
with more regional words to improve stress detection given that even in the same country 
they have different idioms. We will create new sentiment dictionaries for the most common 
Spanish regions and make a new average score for one general sentiment dictionary 
because not all the words have the same stress or relaxation meanings in different places. 
The emoticon dictionary will also be adapted for new emoticons.
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APPENDIX  

 

RUN EXAMPLE   
 

1. With the a positive sentence “estoy my feliz”, where the system assigns the scores 5 
and -1(Stress and Relaxations Strength) 

 

2. With the a positive sentence “estoy my feliz”, where the system assigns the scores 5 
and -1(Stress and Relaxations Strength) 
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CONFUSION TABLES 
 

Table 12. Coder A TensiStrength confusion table in relaxation detection of the 1000 
Tweets. 

 PREDICTED CLASS 

REAL CLASS 

 1 2 3 4 5 

1 365 171 108 35 19 

2 24 41 24 108 0 

3 20 24 25 14 7 

4 7 1 12 14 8 

5 5 9 9 28 22 

 
Table 13. Coder B TensiStrength confusion table in relaxation detection of the 1000 

Tweets. 

 PREDICTED CLASS 

REAL CLASS 

 1 2 3 4 5 

1 404 203 135 49 24 

2 5 33 2 5 1 

3 9 8 34 27 10 

4 1 0 5 11 1 

5 2 2 2 7 20 

 
Table 14. Coder C TensiStrength confusion table in relaxation detection of the 1000 

Tweets. 

 PREDICTED CLASS 

REAL CLASS 

 1 2 3 4 5 

1 367 170 93 33 16 

2 27 45 23 11 5 

3 17 24 42 21 3 

4 5 3 12 20 11 

5 5 4 8 14 21 
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Table 15. Coder A TensiStrength confusion table in stress detection of the 1000 Tweets. 

  PREDICTED CLASS 

REAL CLASS 

 -1 -2 -3 -4 -5 

-1 314 58 61 21 1 

-2 37 24 54 16 9 

-3 23 14 103 50 14 

-4 4 8 20 29 9 

-5 11 8 26 55 31 

 
Table 16. Coder B TensiStrength confusion table in stress detection of the 1000 Tweets. 

  PREDICTED CLASS 

REAL CLASS 

 -1 -2 -3 -4 -5 

-1 340 77 147 71 25 

-2 14 8 13 4 2 

-3 29 19 95 63 18 

-4 0 1 4 3 1 

-5 6 7 5 30 18 

 
Table 17. Coder C TensiStrength confusion table in stress detection of the 1000 Tweets. 

  PREDICTED CLASS 

REAL CLASS 

 -1 -2 -3 -4 -5 

-1 306 52 75 32 4 

-2 44 26 40 23 6 

-3 19 17 85 38 8 

-4 9 10 32 26 11 

-5 11 7 32 52 35 
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PRECISION, RECALL, F-1 SCORES AND SUPPORT TABLES 
 

Table 18. Coder A TensiStrength scores table in relaxation detection of the 1000 Tweets. 

 PRECISION RECALL F1-SCORE SUPPORT 

1 0.87 0.52 0.65 698 

2 0.17 0.42 0.24 97 

3 0.14 0.28 0.19 90 

4 0.14 0.33 0.2 42 

5 0.39 0.3 0.34 73 

AVERAGE 0.67 0.47 0.53 1000 

 
Table 19. Coder B TensiStrength scores table in relaxation detection of the 1000 Tweets. 

 PRECISION RECALL F1-SCORE SUPPORT 

1 0.96 0.5 0.65 815 

2 0.13 0.72 0.23 46 

3 0.19 0.39 0.26 88 

4 0.11 0.61 0.19 18 

5 0.36 0.61 0.45 33 

AVERAGE 0.82 0.5 0.58 1000 

 
Table 20. Coder C TensiStrength scores table in relaxation detection of the 1000 Tweets. 

 PRECISION RECALL F1-SCORE SUPPORT 

1 0.87 0.54 0.67 679 

2 0.18 0.41 0.25 111 

3 0.24 0.39 0.29 107 

4 0.2 0.39 0.27 51 

5 0.38 0.4 0.39 52 

AVERAGE 0.67 0.49 0.55 1000 
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Table 21. Coder A TensiStrength scores table in stress detection of the 1000 Tweets. 

 PRECISION RECALL F1-SCORE SUPPORT 

-1 0.81 0.69 0.74 455 

-2 0.21 0.17 0.19 140 

-3 0.39 0.5 0.44 204 

-4 0.17 0.41 0.24 70 

-5 0.48 0.24 0.32 131 

AVERAGE 0.55 0.5 0.51 1000 

 
Table 22. Coder B TensiStrength scores table in stress detection of the 1000 Tweets. 

 PRECISION RECALL F1-SCORE SUPPORT 

-1 0.87 0.52 0.65 660 

-2 0.07 0.2 0.1 41 

-3 0.36 0.42 0.39 224 

-4 0.02 0.33 0.03 9 

-5 0.28 0.27 0.28 66 

AVERAGE 0.68 0.46 0.54 1000 

 
Table 23. Coder C TensiStrength scores table in stress detection of the 1000 Tweets. 

 PRECISION RECALL F1-SCORE SUPPORT 

-1 0.79 0.65 0.71 469 

-2 0.23 0.19 0.21 139 

-3 0.32 0.51 0.39 167 

-4 0.15 0.3 0.2 88 

-5 0.55 0.26 0.35 137 

AVERAGE 0.54 0.48 0.49 1000 

 
 
 
 
 

LIST OF KEY WORD USED TO DOWNLOAD THE TWEETS 
 

 COMMON TERMS 

 

Eso, el, la, a, en, tu, él, ella, nosotros, ellos, es, estos, esos. 
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 INSULTS 

 

wey, piche, cabron, pendejo, puto, puta, maricón, carajo, idiota, imbécil, tarado, 
mamar, verga, joto, chingado, chingar, chingada, chingue, huevón, perro, mames, mierda, 
friki, puñetas, me la pelas, culo, nerd, majadero, lunático, cobarde, coño, gilipollas. 
 

OPINION 
 

sin talento, deficiencia, deslumbrante, de mierda, maravilloso, corrosivo, Más 
verdadero, exceso de peso, optimista, Alma gemela, agradable, súper, bondad, rufián, 
maligno, travieso, divertidísimo, contrario, Tyranous, Raro, escasez, hazmerreír, riqueza, 
disminuirse, asnal, grave, inútil, disfrutar, Extravagante, Esplendor, altruista, frágil, 
riguroso, disminución, locura, orgásmico, bullicioso, curioso, repulsivo, Peso muerto, 
estridente, radical, belicoso, mierda, sombreado, sinvergüenza, bonito, perdedor, hábil, 
amoral, suavemente, decaer, novio, bonita, débiles, autócrata, fascista, entrometido, camelo, 
Sincero, empollón, dogmático, inmaduro, anticuado, mal, nocivo, trascendental, oscuro, 
trágico, fétido, vívido, autocrático, pobre, notorio, agraciado, rozar, pintoresco, espumoso, 
hueco, fanático, prístino, trillado, criminal, poco claro, inofensivo, malvado, malgastar, 
monótono, mejor, fabuloso, desventaja, atraer, animado, miserable, culpable, fuerte, 
pacotilla, atraso, rigor, hipocresía, glamour, infantil, estricto, bueno, Hooey, ingenioso, 
incómodo, extraordinario, milagroso, crudo, bruto, incorrecto, indignado, lío, cortés, idiota, 
multa, épico, excelente, talento, maldito, simplista, cargado, propaganda, cruel, presunción, 
diablo, linda, siniestro, inmaculado, bribón, de chuparse los dedos, dulcemente, auténtico, 
gloria, barato, abrupto, leal, gustos, encantador, Más cierto, atractivo, débil, imaginativo, 
invadir, soleado, gastos, salvaje, burradas, ilegal, torcido, residuos, pretencioso, atrofia, 
malicioso, tremendo, sofocar, gusto, impropio, Más fresco, lo mortífero, mágico, calentar, 
engreimiento, abigarrado, descortés, deplorable, discutible, arduo, vale la pena, degradar, 
descarado, brusco, engreído, hedor, pasado, desproporcionado, anarquía, maldad, infame, 
tiranía, mente abierta, inteligente, sin costura, inclinarse, indigno de, despectivo, borracho, 
no democrático, Fugitivo, Devastadoramente, sobresalir, apoyo, astuto, desgracia, vago, 
espacioso, tenacidad, reacio, falso, impopular, deplorar, superlativo, a distancia, tontería 
poco escondida, malo, engañoso, aburridotedioso, consuntivo, Chupa, estúpido, triste, Por 
favor, ama, Chupar, perra, sucio, Óptimo, embotar, inmoral, sexy, especial, crédulo, 
hermoso, defecto, horrible, fangoso, disparate, amargo, impresionar, benigno, en mal 
estado, eludir, inane, novela de suspenso, lanudo, rebelde, agrio, gustó, craso, deseable, 
Odio, tembloroso, despreciable, de buen gusto, sumiso, Apestoso, sentina, sordo, frío, virtud, 
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prodigar, solitario, amable, culo, cierto, excremento, esconderse, mella, bestial, frígido, 
brutal, agridulce, crítico, dudoso, disputable, ingenuo, patético, superioridad, costoso, 
Veracidad, detraer, Guau, sangriento, No auténtico, Indigno, tonterías, cariño, excepcional, 
notable, decadente, paraíso, exótico, pequeñito, incesante, majaderías, grandioso, 
defectuoso, fenomenal, mentiras, cojo, extraño, considerado, mundano, innoble, venerable, 
inválido, inventivo, destruir, oxidado, Superhéroe, delincuente, Fabuloso, violación, peor, 
Perfecto, cojones, jactarse, estupendo, locamente, pomposo, equívoco, útil, ágil, mérito, 
pecaminoso, precioso, desgraciado, monstruoso, superior, dulzura, Lovin, extrovertida, 
grosero, ruina, tortuoso, disparates, soledad, inferior, sabiduría, acogedor, humor, falacia, 
distorsionar, exorbitante, maníaco, decadencia, vagabundo, indecible, limitación, tonto, 
falsificación, torrente, sin sentido, asombrado, alto precio, obstinado, superestrella, no 
atractivo, degenerar, asombroso, pensativo, desobediente, infestar, deficiente, Más sexy, 
formidable, superfluo, ladrón, insidioso, tugurio, atrevido, mimar, fantástico, basura, 
arrogante, Antieconómico, angelical, superficial, discriminación, deber, vulgar, valiente, 
acostado, banal, podrido, grueso, mancha, Apestaba, bravata, reverenciar, desleal, 
camarilla, frívolo, difuminar, inmundicia, inhumano, endeble, sin valor, increíble, mortal, 
implacable, encanto, presumido, aplaudir, paso pesado, disgusto, no tiene precio, 
deformación, espinoso, elegante, fraude, fascinante, demacrado, Disgustar, inmundo, 
dominar, enfermizo, tosco, aplausos, grotesco, polla, dulce, duro, Más dulce, condenar, 
áspero, bien, torpe, amor verdadero, aburrido, cínico, perjudicial, rígido, manía, pequeño, 
inadaptado, delicioso, Más soleado, espectacular, dictatorial, monstruo, llamativo, el 
respeto, asequible, tirano. 
 

STRESS 
 

desestructurado, nervioso, impotente, caótico, Inquietante, precario, hora de inicio, 
temible, ruina, preocupación, abrumar, desconcertado, gemido, ocupado, imprudente, 
peligroso, de trato fácil, ociosidad, crisis, fiasco, anómalo, temerario, incapacidad, 
enloquecido, punto muerto, obsesionar, tener cuidado, muriendo de hambre, esperando, 
anomalía, mejorar, Tortuoso, descontento, neurótico, Descompostura, éxito, despotricar, 
terror, impedir, amedrentador, confusión, indefinido, tiempo, optimista, perjudicar, 
inmovilidad, cancelar, tranquilo, esperanza, furia, escasez, Atormentado, ilógico, desorden, 
Mimado, inexactitud, loca, estropear, meticuloso, absurdo, inútil, honestidad, fallar, sin 
sentido, incredulidad, perplejidad, excentricidad, despreocupado, agitarse, chocar, 
Estancado, templar, trastorno, erróneo, carga, perturbar, obstinado, interrumpir, perezoso, 
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furioso, Error, ineficacia, histérico, famélico, errar, Corriendo, persecución, farsa, duda, 
caos, impredecible, cansado, incomodidad, Más asustadizo, difícil, justa, traste, pavor, 
revitalizar, ira, incapaz, deambular, hambre, platija, defecto, insano, accidente, afilado, 
congestionado, indefenso, balbucear, crítico, no informado, Apresurarse, fracasado, reto, 
afortunado, sabotaje, desastre, mejorando, inestable, riesgo, inestabilidad, disturbios, 
asustadizo, revoltoso, inexacto, indigno de confianza, discordante, alivio, loco, determinado, 
optimismo, divorcio, miope, error, temprano, tenso, berrinche, colapso, razonable, acosar, 
Fríamente, Tensando, carreras, descuidado, holgazanear, dejar perplejo, paisaje, 
consternación, contentamiento, incorrecto, incurable, problema, tensión, histeria, manejar 
mal, estrés, desfallecer, retorcerse, seguro, convulsión, acogedor, restringir, inseguro, 
Emergencias, retrasado, inquieto, incierto, fastidiar, congestión, Esperanzas, contento, 
apresurado, esperado, sucio, dilema, falsificar, oscuro, al azar, inventiva, arbitrario, 
obstrucción, mentira, turbulencia, confianza, confundir, emergencia, frustrar, impuesto, 
intolerable, trampa, peculiar, a tiempo, paz, Mimando, molestia, Alivio, bloquear, 
pandemonio, desconfianza, sumergir, cuestionable, amenaza, jugar, engañar, perdió, lento, 
esfuerzo, retrasar, parada, cataclismo, ambiguo, Imprevisto, extraño, esperanzado, 
desgracia, infiel, tener éxito, Progreso, deshonesto, triunfo, poner en peligro, Listo, de 
maniático, falso, comodidad, quejar, ansioso, Molestado, atascado, encubrir, sediento, 
cauteloso, insatisfactorio, conmoción, estragos, peligro, inexplicable, escape, predecir, falla, 
injusto, de miedo, escándalo, explosión, tardío, perfecto, futilidad, torpeza, obstáculo, 
enredar, carrera, Abarrotado, molestar, calma, engañoso, relajarse, privado, perezosamente, 
catástrofe, fácil, Desventaja, colisión, Locura, anormal, fácilmente, excéntrico, 
complicación, inesperadamente, secuestrar, parálisis, frenético, tartamudear, devastar, 
arriesgado, situación, caprichoso, engaño, sed, Con confianza, lleno, guay, enojado, 
Pervertido, Estancamiento, febril, complicar, desastroso, obstruir, discordia, pánico, 
facilidad, exigente, desesperación, Predicamento, Omisiones, trastornado, sin defensa, 
percance, truco, desfavorable, desgraciado, suerte, apresuraron, tarde, infructuoso, ahogo, 
trabajo excesivo, provocar, impedimento, paralizado, enfurecer, terrible, Suerte, 
Desalentador, soñoliento, provocación, preocupado, acusación, inamovible, Fumando, 
inquietud, somnolencia, estancamiento, desafortunado, prisa, negligencia. 
 

EMOTIONS 
  

desarmar, abordar, ingratitud, amante, retirada, tratar, epidemia, puño, vigor, 
proscrito, desalentar, Pistoleros, insolencia, abismo, escaramuza, robado, mueca, muerte, 
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tímido, disolución, morir de hambre, Intimidado, tiburón, miel, cojear, melodramático, 
dependiente, pobreza, oblicuo, felicidad, neutralizar, murmurar, tornillo, forastero, 
Burlado, travesura, falsedad, mareo, saqueador, Lolol, Sufrido, riqueza, descrédito, choque, 
angustia, levantamiento, rivalizar, Odiando, aterrorizado, impulsivo, dolor de cabeza, 
desmentir, valores, transgredir, gruñido, aturdido, remordimiento, babosa, decir ah, Omfg, 
asesino, hundimiento, Lmao, irregular, Folla, sanguinario, seriamente, inmundo, monótono, 
nostálgico, barrera, Adornado, deber, gimoteo, malicia, infligir, defecto, indebido, Ugh, 
esclavitud, anular, abandonar, mierda, Dañado, desviar, pellizco, golpe, ronquido, Ojalá, 
apreciar, enfermo, neutralización, tormento, estrangular, amable, reprendo, erosionar, 
secuestrar, raspar, tentación, matar, Gracias, desaparecer, explotar, Huido, servidumbre, 
chisporroteo, protesta, error, Maldita sea, revolución, Dispensabilidad, rechazo, antisocial, 
Viejo, debilidad, necesitado, Guerras, preparación, esfuerzos, capitular, demoler, Dolor, 
alboroto, orgulloso, solo, jaja, herida, alejarse, ambivalente, morir, bazofia, inundar, restos, 
Atractivamente, desagradable, avergonzado, omitir, aflicción, saqueo, baja, contento, 
estruendo, ausente, descarga, quemar, Violando, chupar, ganar, prematuro, secundario, 
violador, arrastrar, insensible, inexperto, pelea, principiante, golpeado, amenaza, 
romántico, hipocondríaco, Luchó, ultimátum, Valorando, molestia, victorioso, recalcitrante, 
arruga, oprimir, mandato, chisme, fe, fuerza, hastiado, adicto, irónico, Joder, hambruna, 
enfermedad, déficit, Negado, insomne, Aterroriza, tajo, desafiante, prohibir, recesión, 
cumpleaños, vómito, antimonopolista, enterrar, dinamismo, Miedos, tabú, cuidado, 
flagrante, demanda judicial, jugando, Beso, moretón, extraviado, no cualificado, evasión, 
robo, mazmorra, agonía, forjado, desafiar, secreto, muerto, Más suave, Oks, pedir, feliz, 
arrugar, lágrimas, Deshecho, risa, popa, traiciónimplicar, culpable, maldición, rezagarse, 
llorar, basura, juguetón, escaldadura, alegrar, grito, Gay, barra oblicua, división, perdiendo, 
esponsales, incómodo, orgullo, soportado, mugre, andrajo, cortar, glorificación, vanidad, 
odiado, Agradeció, ahogar, cañón, matanza, despedido, envidioso, aniquilar, soborno, 
desfiladero, gañido, denunciar, parásito, suicidio, desobediencia, pelearse, abolir, liquidar, 
mendigo, desconocido, glorificar, retroceso, rock, movimiento de piernas, Palizas, won, 
despiadado, oponerse a, disponer, ejecutar, sangriento, vicio, disposición, lisiado, negativa, 
carnicería, burlón, ridículo, discriminar, inadaptación, bofetada, aventura amorosa, 
derrota, luchar, sacrificio, pecado, conveniente, próspero, sufrimiento, conspirar, señuelo, 
repudiar, desapercibido, recaída, inframundo, rehuir, dominación, Ay, favoritismo, 
revuelta, marchitar, Extraña, disipar, conspirador, víctima, oscuridad, bajo, Broma, mintió, 
débil, estrépito, desmoralizar, vano, enfado, gaseado, exclusivo, llorado, confiscación, 
desconsiderado, confinar, Retenido, fingir, difícil, desinterés, resaca, ilegal, ruido, ayuda, 
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amigo, deshacer, Alejado, gratuito, villano, sofocar, ordenado, emocional, resentirse de, 
Amado, realizar, romper, erosión, Luv, discrepante, cuidando, divagar, vehemente, 
divertido, Pierde, antipático, aplastante, prometer en matrimonio, susto, exilio, puñalada, 
bueno, Felicitaciones, ruda, burla, profesional, venerar, Sufre, inflación, merodear, Esta 
bien, escándalo, Disturbios, escéptico, Disparo, ofender, afligido, brusco, suciedad, hedor, 
involuntario, asustado, favor, abrazos, odioso, olvido, Temido, obras de teatro, codiciar, 
finta, Más desagradable, elogiar, furtivo, cargar, depresión, presentimiento, estupor, 
desprecio, estafador, Pecados, indignación, putrefacción, agotar, sentimental, traidor, 
esguince, codicia, brujería, Amotinado, altercado, ofensa, ánimo, enhorabuena, moribundo, 
ventosa, negación, abatido, apoyo, lucha, evadir, llantos, eliminar, Sollozó, perdición, x, 
aterrorizar, fundador, manifestante, conmemorar, inhabilitar, disminuir, desviación, impar, 
veto, obsoleto, tristeza, mutilar, Xox, abandonado, cautivo, Cuidado, soltar, injusto, 
desenfrenado, arrebatar, explosión, desilusión, asco, picadura, oferta, molestar, bruja, 
difamación, portarse mal, dividir, deshonra, inanición, sexista, amputar, pasar por alto, 
triste, reprimir, rogar a, cerda, disputa, prima, desapego, censurar, crimen, empujón, 
defensivo, impetuoso, arancel, cascarrabias, vapores, celoso, violar, exponer, Mierda, 
Dañando, Dios mio, subvertir, infernal, mendigar, prosperidad, manchar, lanza, bandido, 
miedo, condenación, impasible, acusación, erupción, corrosión, cerco, caída, rechazar, 
horrible, privación, ilegalidad, indiferente, azotar, obligar, solterona, retener, adulterio, 
fallecimiento, gemido, sedentario, gravedad, extinguir, cruzar, En guerra, sospechar, 
sujeción, Daña, perecer, ciego, oscurecer, prisión, enfermos, eliminación, incivil, fatal, 
terror, deponer, hacer cumplir, entrometerse, vigilancia, capturar, Ails, desagradecido, 
inevitable, hiel, rebelde, refugiado, vacío, tortazo, sucumbir, refutar, delicado, exterior, 
dolor, dejar, encogerse, bromas, revertir, hilaridad, acusado, abadejo, Adúltero, estancado, 
desempleados, sentido, impuro, perezoso, chillido, ajetreo, deprimir, Sollozando, Angustia, 
musaraña, explosivo, caer, socavar, verdad, seguidor, animar, daño, balbucear, fruncir el 
ceño, sacudir, solitario, erradicar, combatiente, pesadilla, alicaído, ardiente, borrar, 
disparar, temperamental, sin amor, lesión, feroz, mal comportamiento, guisa, hierba, 
indiferencia, Golpeando, amado, combate, felicitar, demandante, invisible, turbio, añorar, 
amor, compasión, guerrilla, complacer, segregación, Chupado, alarma, manso, encubierto, 
compañero, encarcelar, escrúpulo, Imprecisión, Tormentoso, enemigo, pasión, aplastada, 
precipitado, Thnx, ganador, inadvertido, hacer contrabando, aficionado, Perdido, 
resignación, ruido sordo, monotonía, Huelga, lo siento, cruel, llorando, impureza, ceño, 
estigma, Gana, Hurra, negar, insolente, inmóvil, delincuencia, brote, desmoronarse, Mima, 
arma, excelencia, truco, confinamiento, fugitivo, quisquilloso, robar, sollozo, héroe, 
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desterrar, independientemente, guarida, anulación, alegría, pisotear, arrojar, guerra, 
demonio, sufrir, jugó, derramar, desolado, colusión, confundir, trampa, ironía, sin vida, 
Jodido, germen, ghetto, cenar, rival, tardío, despreocupado, tormenta, estéril, aturdimiento, 
mar, Se hundió, fiesta, Jajaja, vencido, rata, mentiras, mal uso, suspender, afectación, jurar, 
Unidad, rubia, revocar, castigar, usurpar, premio, calumnia, suspensión, disfraz, frescura, 
severo, víbora, De acuerdo, vergüenza, Saqueado, oposición, contrarrestar, contender, 
luchado, hacerse querer por, acaparador, me gusta, evidente, frotis, Argh, delincuente, 
Plaga, golpear, aniquilación, infracción, derrocamiento, burlarse de, conmiseración, 
violación, conflicto, Bff, fractura, Lloró, dolorido, recompensa, confiscar, sequía, patada, 
desatento, mascullar, clamor, analfabeto, Muah, crónico, aplastar, subversión, Perdonar, 
conspiración, menguar, valorado, estrafalario, reprensión, dañoso, depreciar, extinto, 
vomitar a uno, ruptura, poco riguroso, Temperamentos, cárcel, Cuida, imponer, Más loco, 
apelación, fuga, expulsar, Homie, sustraer, Jeje, cebo, animosidad, Satán, sudario, diluvio, 
picazón, revolcarse por, mareado, tumba, reproche, Sin humor, lesionar, Xx, limo, 
cumplido, Sollozos, huérfano, desviarse, corroer, Retaliar, implorar, derrocar, tristemente, 
rivalidad, escudriñar, menospreciar, ausencia, llama, regaño, secesión, broma, abrazo, 
pícaro, perder, congratulatorio, chivo expiatorio, vagabundo, distraer, Aturde, emoción, 
carena, condenar al ostracismo, Apoya, puñetazo, amenazante, nebuloso, nada, tipo, 
Desierto, dictar, estribillo, paria, dinámica, rebosar, zozobrar, mal, brumoso, Cálidamente, 
Burla, estar al acecho, con alegría, desaparecido, bien, desprotegido, fugaz, arrebatado, 
Solucionar problemas, naufragio, alegrarse, ladrón, audaz, intrusión, Naysayer, censura, 
mimar, Juró, Temiendo, abyecto, acumular, espantado, Flameado, acosar, Renunciar, 
dispensar, Jurando, Hoho, tempestad, superficial, pistola, Barro, contracción nerviosa, 
despótico, desventurado, extraterrestre, emboscada, látigo, aburrir, Mieles, querido, 
palanca, deshecho, abundante, calambre, detener, caníbal, neumático, humo, Follar, 
Rezagado, antinatural, desplazar, Ew, cariño, servil, sitiar, complicidad, buscar a tientas, 
contraerse de dolor, estola, herir, rendir culto, temporalmente, depreciación, desgarrar, 
cielo, culpa, Subjugar, camada, sombrío, calumniar, alegación, delirio, retorcerse, voluble, 
alarmista, languidecer, gracias, amoroso, liquidación, valor, temeroso, nazi, severamente, 
lamento, invadir, destrucción, infectar, violento, imaginado, objeción, disgusto, abdicar, 
desarraigar, gracia, lamentar, ridiculizar, colgar, compulsión, resentimiento, odio, Desertar, 
desdén, venganza, lástima, Wtf, cobarde, alegre, protector, afectuosamente, reactivo, 
pretensión, dominar, atestar, lapso, botín, constreñir, horda, regreso, estático, bomba, 
enterrado, hosco, desperdicios, confianza, aprovechar, incompleto, obliterar, marginal, 
duro, solemne, veneno, improductivo, cansado, antipatía, bostezo, condenar, homicidio 
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involuntario, infierno, lucro, Ofensivo, sutileza, rocín, adversario, lleno de alegría, temblar, 
verdaderamente, responsable, huir, cansancio, torpe, afligir, grasa, impersonal, decir 
bruscamente, entumecido, lágrima, fiebre, afecto, chantaje, Dulces, violencia, desigual, 
alarde, racionar, perjudicial, inmortal, rígido, jugar, bala, cicatriz, desempleado, confusión, 
fugarse, imperfecto, popularidad, rumor, cómico, Sonrisas, asesinato, poco escrupuloso, 
pulla, intoxicar, Odia, amablemente, Sacudió, monstruo, cría, desafío, deserción, no 
acostumbrado, aguafiestas, manosear, Ligar. 


