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Resumen

El objetivo de este trabajo es construir un grafo con signos a partir de datos de la red 

social Twitter, utilizando técnicas de aprendizaje automático y análisis sentimental, y 

posteriormente mejorar los resultados obtenidos utilizando estas técnicas mediante el 

uso de información derivada del grafo en sí o de grafos similares. Para construir la red 

se analizarán las interacciones o tweets con menciones referidas a otros usuarios, 

utilizando una variante del análisis sentimental tradicional conocida como targeted 

sentiment analysis. Se construirá una red con signos entre los usuarios que publican 

un tweet y los usuarios que son mencionados en dichos tweets, prediciendo la relación 

entre ambos utilizando técnicas de procesado de lenguaje natural en el texto del tweet 

correspondiente. Después de construir la red, se demostrará que, utilizando las 

relaciones sociales intrínsecas a este tipo de redes, es posible mejorar el 

comportamiento de las técnicas de análisis sentimental. Utilizando distintos métodos, 

se consigue una mejora con respecto a estas técnicas del 10% en cuanto a la 

precisión con la que se clasifican las relaciones entre los usuarios a partir del texto de 

los tweets.  

 

 

  

 



El Análisis de Redes Sociales consiste en el uso de distintas técnicas para 

investigar estructuras sociales y sacar información relevante de ellas. Mapea y mide 

las relaciones y flujos de información entre individuos, comunidades, u organizaciones, 

y en las últimas décadas, con el crecimiento y desarrollo de una gran cantidad de 

aplicaciones sociales en línea, ha despertado un gran interés.  

El análisis de redes sociales está íntimamente ligado con la Teoría de Grafos, que es 

la rama de las matemáticas que estudia y modela redes. Cuando se construyen grafos 

a partir de redes sociales, los usuarios suelen constituir los nodos de la red, y los ejes 

que unen los nodos representan algún tipo de interacción o relación entre dichos 

usuarios.  

La mayor parte del trabajo previo en la construcción de grafos a partir de redes 

sociales se centra en la creación de ejes que modelan relaciones exclusivamente 

positivas como seguidores, amigos o likes, dejando de lado cualquier tipo de 

interacción negativa. Esto se debe a que la mayoría de las aplicaciones sociales no 

cuentan con un mecanismo explícito para crear interacciones o relaciones negativas, 

sin embargo, esto no quiere decir que no existan. Incluir este tipo de relaciones 

negativas en grafos derivados de redes sociales puede proveer información más 

realista sobre dichas redes, así como proporcionar acceso a técnicas de teoría de 

grafos no aplicables a redes con solo signos positivos en sus ejes.  

Uno de los principales objetivos de este trabajo es la construcción de un grafo con 

signos positivos y negativos a partir de la red social Twitter, que es una de las 

aplicaciones sociales más populares a día de hoy.  

Para ello se utilizarán técnicas de Aprendizaje Automático o Machine Learning, 

específicamente de Procesado de Lenguaje Natural o NLP, y se analizara el texto 

intrínseco a los tweets para inferir la relación entre el usuario que publica un tweet y 

aquel usuario que es mencionado en dicho tweet, si es que este existe. Twitter es una 

fuente de datos extremadamente difícil para el procesado de lenguaje natural, debido 

a las abreviaciones, emoticonos, jerga, y en general a una gramática y ortografía no 

muy estricta en sus mensajes, lo que supone una dificultad extra se tendrá que 

afrontar en este proyecto. 

Debido a esta dificultad, el segundo objetivo será mejorar los resultados del análisis 

sentimental utilizando información extraída del grafo creado y añadiendo nueva 

información como las relaciones de seguidores o followers intrínsecas a la plataforma, 

que modelan las relaciones sociales entre los distintos usuarios.  
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Dicho esto, las contribuciones del presente trabajo son: 

 

1. Realizar un análisis exhaustivo del análisis sentimental en Twitter, 

desentrañando sus dificultades y definiendo un procedimiento, que mediante el 

uso de este tipo de técnicas permita crear un grafo con signos a partir de esta 

red social. 

 

2. Crear y analizar un grafo con relaciones positivas y negativas a partir de una 

red social que no cuenta con un mecanismo explícito para la creación de 

relaciones negativas.  

 

3. Mejorar la clasificación del análisis sentimental utilizando las relaciones 

sociales embebidas en los grafos construidos y en las redes sociales 

pertenecientes a las aplicaciones de los que estos se extraen.  

En la literatura del campo de Análisis de redes sociales, existen trabajos 

previos que crean grafos con signos a partir de redes sociales, sin embargo, en ellos 

estos signos negativos surgen del análisis de aplicaciones en las cuales una 

interacción negativa puede ser creada de forma explícita mediante mecanismos de 

like/dislike, puntuaciones bajas de productos, o críticas. Estas son Epinions, que es 

una web de opiniones sobre productos, o Slashdots, que es una red social en la que 

se pueden crear friends (amigos) o foes (enemigos). También es muy popular en este 

campo la versión de administradores de Wikipedia, en la que los miembros de la 

enciclopedia evalúan candidaturas de otros miembros para convertirse en 

administradores, pudiendo aceptarlas o rechazarlas, y creando de esta forma 

interacciones positivas o negativas.  

A pesar de que los grafos con signos derivados de estas aplicaciones son robustos y 

proveen una gran cantidad de información sobre las aplicaciones sociales de las que 

provienen, usar solo plataformas con un mecanismo explicitico para la creación de 

grafos con signos, impone una limitación bastante fuerte sobre las aplicaciones de las 

que se pueden derivar este tipo de grafos o redes.  

Aun así, existen trabajos que intentan extraer relaciones negativas de aplicaciones 

sociales que no disponen de un mecanismo explicito para la creación de las mismas. 

La forma de hacer esto, como ya se ha introducido, es mediante el análisis del texto 

intrínseco a la mayoría de las redes sociales, que constituye una parte muy importante 

de las interacciones dentro de las mismas, y utilizando técnicas de procesado de 

lenguaje natural, extraer el sentimiento de estas interacciones y por lo tanto las 



 

 5 

relaciones positivas o negativas entre los usuarios implicados. Este tipo de trabajos se 

han llevado a cabo en datos provenientes de foros de discusión, y otro tipo de 

plataformas donde se evalúa el sentimiento global del texto de una interacción, ya que 

se conoce quien publica dicha interacción y hacia quien va dirigida. En este trabajo se 

aplicará una estrategia similar, pero utilizando una variante de las técnicas de 

procesado de lenguaje natural para poder analizar el sentimiento de un usuario de la 

red social hacia otro, y no el sentimiento global de toda la interacción.  

Twitter es una red social que une a millones de usuarios de todo el mundo 

alrededor del popular concepto del “microblogging”, permitiéndoles publicar mensajes 

de hasta 280 caracteres que pueden incluir imágenes, URLs, y otros tipos de 

contenido. Los usuarios se pueden “seguir” los unos a los otros sin ningún tipo de 

reciprocidad obligatoria ni fase de aceptación. Su naturaleza relajada y sus simples 

principios la han convertido en una de las plataformas más utilizadas para compartir y 

consumir información sobre eventos de actualidad.  

Esta popularidad, unida a las peculiaridades de la red y a la gran calidad de servicio de 

sus APIs, mediante las que se puede obtener información de la plataforma de manera 

sencilla, ha hecho que Twitter sea fuente de una gran cantidad de trabajos de 

investigación, dedicados a analizar su estructura, extraer comunidades, o estudiar 

modelos de difusión de información.  

Para este trabajo se han recopilado Tweets sobre el Brexit, haciendo peticiones a una 

de las APIs desde el 11 al 29 de marzo de 2019 para obtener cualquier tweet que 

contuviese hashtahgs (que en Twitter se caracterizan por utilizar ‘#’ y representan 

temas de actualidad o tendencia) como #Brexit, #brexit, etc… Mediante este 

procedimiento se recopilaron 900.000 tweets, a partir de los cuales se elaborará la red 

inicial. 

En las siguientes lineas se explorará la metodología para la creación de este grafo con 

signos: el análisis sentimental.  

El análisis sentimental consiste en la tarea de dado un texto determinado, evaluar de 

forma automática si su sentimiento es positivo, negativo o neutro. Como la aplicación 

de Twitter no incluye un mecanismo explícito para crear una relación negativa entre 

dos usuarios, la única forma de crear una red con signos es utilizar el texto en el que 

se basan la mayoría de las interacciones de la aplicación, y mediante técnicas de 

análisis sentimental inferir el sentimiento del mismo.  
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Predecir si el sentimiento en un tweet es positivo, negativo o neutro sería el objetivo de 

las técnicas de análisis sentimental tradicionales, sin embargo para el objetivo de crear 

una red que represente las relaciones entre los distintos usuarios de la plataforma, un 

proceso algo más complejo es necesario, ya que no se busca analizar el sentimiento 

entero de los tweets, sino el sentimiento del usuario que produce el tweet hacia otro 

usuario dentro de la red, que aparece en dicho tweet en forma de mención 

(@UsuarioMencionado).  

Debido a esto, se usará una variante del análisis sentimental tradicional conocida 

como Targeted Sentiment Analysis. En esta variante no se busca obtener el 

sentimiento del texto en su totalidad, sino el sentimiento hacia una entidad 

determinada dentro de dicho texto, que en el caso de este trabajo es el usuario 

mencionado.  

Para tener una intuición clara de porque se necesita esta variante del análisis 

sentimental tradicional, considérese el siguiente tweet:  

“#Eggboy is my hero. THAT’S what we need more of. Absolutly love him. Not the 

#FraserAnning and @RealJamesWoods of the world that are racist pieces of crap that 

are scared of change because they are irrelevant now #brexit”  

Este tweet, está dirigido a @RealJamesWoods con un sentimiento claramente 

negativo. Al analizarse utilizando dos algoritmos distintos de análisis sentimental 

tradicional, que evalúan el sentimiento del texto en general, se obtienen como 

resultados un sentimiento positivo con una confianza del 66% y 69% respectivamente. 

Sin embargo, el algoritmo de targeted sentiment analysis utilizado en este trabajo, 

califica el tweet como negativo hacia @RealJamesWoods con una confianza del 

100%, que es la clasificación correcta.  

Detectada la necesidad de utilizar este tipo de algoritmos, se ha investigado el estado 

del arte de este campo con las siguientes conclusiones: para fuentes de texto 

tradicionales (críticas de películas, cartas, reviews) el targeted sentiment analysis se 

puede realizar con alto éxito utilizando algoritmos de Machine Learning sencillos como 

Support Vector Machines o regresiones logísticas, que usan atributos provenientes del 

texto como las relaciones sintácticas entre las distintas palabras, su tipo gramatical, y 

el texto en sí para capturar las relaciones que existen entre la entidad hacia la cual se 

analiza el sentimiento y el resto de las palabras de la frase.  
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Sin embargo, en Twitter, debido a la peculiar estructura de su texto que se ha 

mencionado previamente, este tipo de atributos tiende a no funcionar muy bien, 

perjudicando la calidad de las predicciones de estos modelos. Por ello, el estado del 

arte del Targeted Sentiment Analysis en Twitter se basa en el uso de word 

embeddings para modelar la relación entre la entidad especifica hacia la cual se quiere 

analizar el sentimiento y el resto de las palabras de la frase, y Redes Neuronales 

Recurrentes para realizar la clasificación.  

Dentro de este último tipo de modelos, se estudió la literatura para descubrir, de entre 

ellos, el que tuviese unos datos más parecidos a los considerados en este trabajo para 

el entrenamiento, y que tuviese la mejor calidad de predicción posible. Por esto, se 

acabó eligiendo el trabajo de Liu y Zhang “Attention Modelling for Targeted Sentiment 

Analysis”, que además proveía del código que implementa su algoritmo, al que solo 

hubo que hacer unas leves modificaciones para obtener del modelo la información 

deseada y adaptarlo a nuestros datos.  

Al recibir un tweet, utilizando como objetivo del targeted sentiment analysis el usuario 

mencionado en dicho tweet, este algoritmo devuelve un sentimiento (positivo, negativo 

o neutro) y una confianza en esta clasificación, en el intervalo 0-1. Un ejemplo de esto 

es el siguiente tweet: 

“yes but with @jeremycorbyn I fear we are sunk. Young people will nt forgive #Brexit”, 

que es clasificado como negativo hacia @jeremycorbyn con una confianza de 0,62.  

Para la última parte de este proyecto se etiquetaron manualmente 1500 tweets, entre 

positivos, negativos o neutrales hacia las entidades mencionadas. La siguiente gráfica 

muestra la precisión obtenida por el análisis sentimental realizado en esos tweets en 

función de la confianza de dicha predicción. Como se puede ver, para todos los tweets 

etiquetados (todos con confianza mayor de 0.5) la clasificación es correcta para un 

57%, valor que va en ascenso según restringimos los tweets, evaluando solo aquellos 

con mayor confianza, hasta llegar a una precisión del 85% en tweets con un 100% de 

confianza.  
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Una vez descrita la técnica utilizada para obtener las relaciones entre los 

distintos usuarios de la red se va a proceder a explicar el procedimiento de creación 

del grafo, y a su posterior análisis. Los pasos para la construcción de dicho grafo con 

signos son los siguientes: 

1. Como paso inicial, de los 900000 tweets sobre el #Brexit, se mantienen 

solo aquellos que tengan una mención en su texto (@mención) y que no 

sean retweets. Esto da lugar a un set de 76404 tweets producidos por 

42751 usuarios distintos. 

2. De estos tweets con menciones, se eliminan aquellos que tengan más de 

una mención, ya que la herramienta de análisis sentimental descrita 

anteriormente no está preparada para evaluar el sentimiento hacía más de 

una entidad. Esto da lugar a 41877 tweets producidos por 28407 usuarios 

distintos. 

3. Estos tweets se pasan al algoritmo de targeted sentiment analysis descrito, 

utilizando el usuario mencionado como entidad hacia la cual evaluar el 

Figura 1: Evolución de la precisión en la clasificación de los tweets en función de la 
confianza de dicha clasificación 
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sentimiento. De esta forma se predice el signo de la interacción entre el 

usuario que publica el tweet y el usuario que es mencionado en el mismo.  

4. Para crear un grafo robusto, se escoge un límite de confianza, y se utilizan 

únicamente los tweets que son clasificados con una confianza mayor que 

este límite.  

5. Por último, para construir la red con signos, para cada tweet que supera el 

intervalo de confianza, se añaden dos nuevos nodos a la red en caso de no 

estar ya incluidos en ella: uno representando al usuario que produce el 

tweet y otro representando al usuario que ha sido mencionado en él. El 

signo del eje entre estos dos nodos se escoge utilizando el sentimiento 

revelado por el análisis sentimental, descartando los tweets que han sido 

clasificados como neutros.  

El grafo principal que se ha construido y analizado en este trabajo ha sido aquel 

producido utilizando únicamente los tweets etiquetados por el modelo de targeted 

sentiment analysis con una confianza mayor del 90%. Este grafo está formado por 

9376 tweets provenientes de 7837 usuarios distintos y mencionando a 4985. Los 

parámetros principales del grafo se muestran en la siguiente tabla: 

 

El grado de un nodo es la cantidad de conexiones que tiene, por lo que grado medio 

se calcula dividendo el número total de ejes entre el número total de nodos y teniendo 

en cuenta que cada eje tiene dos nodos en sus extremos. La densidad se calcula 

como el número total de ejes entre todos los ejes que podría tener la red si todos sus 

nodos estuviesen conectados entre sí. Ambos son parámetros que reflejan la 

conectividad de la red, y que como se puede observar a partir de la densidad misma, 

son de bastante bajo valor en el caso de la red creada. Esto se debe a la presencia de 

sumideros, creados alrededor de usuarios influyentes dentro de Twitter para el tema 

en cuestión. 

Tabla 1: Principales parámetros de la red creada.  

Nodos 12564 

Conexiones / Ejes 8931 

Grado medio 1,4217 

Densidad 0.0001131 
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Componentes conectados 3952 

Coeficiente de agrupación 0.000235 

 

 La siguiente lista muestra quienes son estos usuarios y su grado correspondiente: 

(Theresa May, 314), (Donald Trump, 180), (Jeremy Corbyn, 154), (UK Labour, 109), 

(Anna Soubry, 96), (Nigel Farage, 62). Esta lista se extiende, incluyendo cuentas de 

políticos, periodistas, partidos políticos, y canales de noticias. 

Otra característica de la red creada es la distribución del grado de la red, que en inglés 

se conoce como power-law distribution, en la que existen muchos nodos con un grado 

muy bajo (1 o 2) y muy pocos nodos con un grado muy elevado (los nodos 

correspondientes a los usuarios de la anterior lista). La siguiente tabla muestra otras 

propiedades del grafo creado: 

 

 

 

De estos 3952 componentes conectados solo 12 tienen más de 80 nodos, y 3800 

tienen menos de 5 nodos. De estas primeras 12 particiones todas ellas contienen por 

lo menos a uno de los nodos correspondientes a una de las cuentas influyentes 

mencionadas previamente, rodeados de nodos de grado 1.  

De todo esto podemos ver que nuestra red es una large-scale network, en la que la 

mayoría de los nodos tienen un grado muy bajo, y muy pocos nodos acaparan todas 

las conexiones en una estructura de estrella repetida alrededor de ciertos usuarios. La 

siguiente imagen muestra una porción de dicha red:  

 

 

 

 

 

 

 

 

Tabla 2: Características adicionales del grafo con signos  
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A partir de los signos de esta red, se pueden inferir la cantidad de relaciones positivas 

o negativas existentes hacia los usuarios más influyentes de la misma. La siguiente 

lista muestra las relaciones positivas y negativas hacia las 15 personalidades más 

influyentes de nuestro grafo:  

 

 

 

 

 

 

Como se puede ver de esta lista, parece que la mayoría de las relaciones creadas son 

positivas, algo que es normal para los grafos con signos extraídos de redes sociales. 

Esto es fácil de ver, ya que de las 15 cuentas más influyentes solo una 

(Conservatives) tiene más conexiones negativas que positivas. Esto podría ser debido 

a que el algoritmo de análisis sentimental utilizado este sesgado hacia la predicción de 

signos positivos, o debido a la dificultad del uso de técnicas de procesado de lenguaje 

Figura 2: Representación parcial de la estructura de la red creada.   
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natural en el texto de Twitter. Debido a esto, a continuación, se explorará como 

mejorar la calidad de dicho análisis sentimental para conseguir una predicción más 

exacta del sentimiento hacia estas personalidades influyentes.  

Para esta tarea se han utilizado principalmente las contribuciones de tres 

trabajos previos. El primero de ellos [1] utiliza una combinación de técnicas de análisis 

sentimental y la teoría de balance de teoría de grafos, para predecir los signos de los 

ejes de la red de Wikipedia Admins que se ha mencionado anteriormente. La 

asignación del signo de los ejes se formula como un problema de optimización en el 

que se intenta reducir el error en la predicción de dichos signos proveniente de dos 

términos: un término asociado a la correcta clasificación de los ejes por parte de las 

técnicas de procesado de lenguaje natural y otro término proveniente de la 

clasificación de los ejes utilizando técnicas de teoría de grafos. La principal 

contribución de este trabajo al modelo desarrollado consiste en la utilización de 

distintos pesos para los términos provenientes del análisis sentimental en función de la 

confianza de las predicciones del mismo.  

El segundo trabajo [2] que ha servido de inspiración, también realizado en datos de 

Twitter, realiza un análisis sentimental estándar en tweets sobre ciertos temas de 

actualidad, y mejoran los resultados del análisis sentimental puro basándose en la 

siguiente hipótesis:  

“El sentimiento para una entidad particular es consistente para los usuarios 

debido a la posición de dicha entidad con respecto a un tema determinado”  

Lo que esta hipótesis quiere decir es que para un objetivo determinado (los personajes 

influyentes de la red construida) en combinación con un tema particular (el #Brexit en 

el caso de este trabajo), el sentimiento de la mayoría de los usuarios es el mismo. En 

dicho paper esta convicción se refleja de la siguiente manera: los tweets para distintas 

parejas de objetivo/tema se etiquetan, y para cada una de estas parejas se calcula un 

valor numérico entre 0 y 1 que depende de la cantidad de tweets positivos o negativos 

que dicha pareja genera. Si este valor numérico está por encima de cierto límite (0.8) 

en el paper, entonces todos los tweets hacia esa pareja se reclasifican hacia el signo 

más frecuente (positivo o negativo).  

El último trabajo que ha influido en los modelos de mejora del análisis sentimental [3] 

utiliza las relaciones de amistad/seguidores dentro de la red de Twitter para mejorar 

los resultados del análisis sentimental en diversos tópicos, haciendo que las opiniones 

de las personas a las que un usuario sigue para un tópico determinado tengan un peso 
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en la opinión del mismo, llegando a un compromiso entre la opinión derivada del 

análisis sentimental y las opiniones de las personas a quien el usuario que produce el 

tweet analizado sigue.  

Para mejorar los resultados del análisis sentimental se han utilizado dos 

metodologías distintas: se han desarrollado dos modelos heurísticos, basados en las 

influencias mencionadas en la anterior sección, y también se han utilizado algoritmos 

de Aprendizaje Automático que utilizan atributos derivados de los grafos y en relación 

con los trabajos mencionados. En primer lugar, se describirán los modelos heurísticos.  

El primer modelo heurístico desarrollado se ha denominado Modelo de 

Sentimiento Global. Para este modelo se han etiquetado como positivo, negativo, o 

neutro, 100 tweets con una mención hacia cada uno de los 15 usuarios mas 

influyentes del grafo analizado en el anterior capítulo. De estos tweets 50 han sido 

utilizados para extraer un valor de sentimiento global para cada uno de estos usuarios 

y otros 50 para probar la eficacia del algoritmo. Si este valor calculado sobrepasa un 

cierto límite para un usuario específico entonces se utiliza dicho valor para asistir en la 

clasificación, de forma similar al trabajo descrito anteriormente, pero en este caso no 

se reclasifican todos los tweets hacia el sentimiento más frecuente, sino que se usa el 

valor para influir en la etiqueta producida por en análisis sentimental.  

En caso de que se use este valor, se calcula una puntuación que depende del análisis 

sentimental (predicción y confianza en dicha predicción, que asigna un peso 

determinado a dicha predicción) y del sentimiento global, y en función de los valores 

de dicha puntuación los tweets se vuelven a clasificar como positivos, negativos o 

neutros. De esta forma no se reclasifican todos los tweets hacia un usuario 

determinado, conservando parte de la integridad de los datos. Los siguientes ejemplos 

ilustran los resultados de este algoritmo:  

1. “INSIGHTFUL point by @Jacob_Rees_Mogg So much for the House of Commons 

representing the will of voters. Too many are focused on corporate interests but if MPs 

have integrity they will have to allow the No Deal Brexit now! exitVote #NoDealBrexit” 

 

2. “The way it looks right now that’ll probably need a permission slip from the 

#Brussels? They’ve been sold out by @theresa_may #Brexit” 

 

3. “I could not agree more with @Anna_Soubry hear bloody hear! #BrexitShambles” 

 
El tweet número 1 es un tweet clasificado por el análisis sentimental como positivo con 

un 100% de confianza, dirigido hacia un usuario (@Jacob_Rees_Mogg), que tiene un 

sentimiento global negativo de 0.74. Aún asi, debido a la alta confianza del tweet, y por 
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lo tanto al alto peso que se le da al análisis sentimental frente al sentimiento global, el 

tweet es clasificado correctamente como positivo.  

El tweet número 2 es un tweet clasificado por el análisis sentimental como positivo 

hacia @theresa_may con baja confianza (60%). Debido al sentimiento global negativo 

hacia este usuario de valor 0.81, este tweet se reclasifica correctamente como 

negativo.  

El tweet número 3 es clasificado por el análisis sentimental como negativo con una 

confianza del 52%. Ya que el sentimiento global hacia @Anna_Soubry es positivo con 

un valor de 0.73, este tweet se reclasifica correctamente como positivo.  

La siguiente tabla muestra los resultados obtenidos aplicando solo el análisis 

sentimental, el algoritmo de Li et al, que consiste en re-etiquetar todos los tweets hacia 

un usuario determinado si el valor del sentimiento global está por encima de cierto 

umbral, y por último este modelo de Sentimiento Global, en cuanto al porcentaje de 

tweets correctamente clasificados: 

 

 

 

 

Como se puede observar, el modelo propuesto es el mejor de los tres, consiguiendo 

una mejoría del 10% con respecto al análisis sentimental, y una ligera mejora con 

respecto al algoritmo de Li et al, pero consiguiendo mantener una mayor integridad de 

los datos en la clasificación, al no re-etiquetar de forma absoluta los tweets dirigidos 

hacia ciertos usuarios.  

El segundo modelo heurístico desarrollado, denominado Modelo de Relaciones 

Sociales, busca mejorar la calidad de las predicciones del análisis sentimental 

utilizando las relaciones sociales y conociendo la estructura en estrella de nuestro 

grafo alrededor de ciertos usuarios influyentes, se han realizado los siguientes pasos:  

1. Primero, los usuarios que estuviese incluidos en el grafo se han filtrado para 

mantener solo aquellos cuya biografia de Twitter contuviese palabras 

relacionadas con política o periodismo.  

Análisis sentimental 57% 

Li et al 65% 

Sentimiento Global 67% 

 

Tabla 3: Tabla comparativa de los resultados de las distintas alternativas en 
cuanto al porcentaje de tweets correctamente clasificados.   
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2. En segundo lugar, aquellos con menos de 2000 seguidores se han desechado, 

manteniendo solo aquellos con un gran número de seguidores para maximizar 

la probabilidad de que un usuario aleatorio los siga. 

3. Por último, se han retirado de este set todos aquellos usuarios que no han 

mencionado a una de las 15 personalidades más influyentes en alguno de sus 

tweets.  

 

Esto da lugar a una colección de 314 tweets producidos por 127 usuarios distintos. 

Todos estos tweets fueron etiquetados manualmente para conocer el sentimiento de 

este set filtrado de usuarios hacia los usuarios más influyentes del grafo. A este set de 

127 usuarios se le denominará a partir de aquí gold set. De esta forma conocemos el 

sentimiento de cada uno de los usuarios del gold set hacia una de las personalidades 

influyentes. Ahora, para cada tweet nuevo hacia una de estas personalidades, se 

estudiará si el usuario que ha publicado dicho tweet sigue a alguno de los usuarios de 

este gold set, y si es así esta relación se usará para evaluar el sentimiento del usuario 

que crea el nuevo tweet hacia el usuario central, junto con el análisis sentimental. La 

siguiente imagen muestra un diagrama ilustrado el procedimiento que se acaba de 

describir:  

 

 

 

 

 

 

 

 

Este diagrama empieza con la publicación del tweet “@theresa_may and Parliament’s  

biggest mistake – triggering #A50 – laid bare”, por el usuario @Santilespr, que es 

clasificado como positivo por el análisis sentimental con una confianza del 63%, 

mientras que la etiqueta verdadera refleja un sentimiento negativo hacia 

@theresa_may. Del set de gold users que han mencionado a Theresa May, el usuario 

Figura 3: Diagrama representativo del algoritmo heurístico de relaciones sociales.   
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Análisis sentimental 57% 

Sentimiento Global 67% 

Relaciones 62% 

 

que ha creado este nuevo tweet sigue a dos: @thomasbrake y @WillBlackWrite, cuyas 

opiniones hacia Theresa May, obtenidas de etiquetar manualmente sus tweets hacia 

este usuario son negativas. Dichas opiniones negativas influencian la clasificación del 

análisis sentimental, consiguiendo que este tweet sea reclasificado correctamente 

como negativo. 

 Los resultados de esta metodología se muestran en la siguiente tabla, que compara 

las clasificaciones correctas en los 750 tweets utilizados para evaluar estos algoritmos: 

 

 

Como se puede ver, esta metodología sigue mejorando el análisis sentimental, pero 

obtiene peores resultados que el algoritmo de sentimiento global. Esto es debido, a 

que de los 750 tweets utilizados para evaluar los resultados solo 26% son publicados 

por un nuevo usuario que sigue a un usuario del gold set que ha mencionado a la 

misma personalidad influyente. Debido a esto, el algoritmo de las relaciones solo 

asiste en la clasificación en una cuarta parte de los tweets, mientras que el sentimiento 

global asistió en un 73% de ellos, ya que de los usuarios influyentes evaluados 11 

sobre 15 presentan un valor de sentimiento global mayor que el umbral escogido. 

Por último, después de explorar los distintos métodos heurísticos, se evalúa el 

comportamiento de distintos algoritmos de Machine Learning para la misma tarea: 

mejorar la clasificación obtenida del análisis sentimental. Para ello, se han utilizado 

atributos provenientes de dicho análisis (la predicción y la confianza), de los grafos (el 

sentimiento global, las relaciones del gold set, y las centralidades de los nodos 

influyentes), y del texto en sí, como la longitud, la cantidad de hashtags, si el texto 

presenta URLs, y si incluye ciertas palabras que pueden ser importantes a la hora de 

determinar el sentimiento de un tweet.   

Estas características de los datos se utilizan para entrenar 3 tipos de clasificadores 

distintos: regresión logística, Adaboost, y Support Vector Machines, utilizando una 

validación en cruz en los 1500 tweets etiquetados para validar los resultados, que se 

muestran en la siguiente tabla: 

 

Tabla 4: Tabla comparativa de los resultados de las distintas alternativas en cuanto al porcentaje de 
tweets correctamente clasificados.   
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Análisis sentimental 57% 

Sentimiento Global 67% 

SVMs 62% 

Regresión Logistica 64% 

AdaBoost 67% 

 

 

 

Como se puede ver de estas tablas, todos los modelos de Aprendizaje automático 

obtienen resultados similares entre sí, con AdaBoost siendo el mejor de todos ellos, al 

empatar con el mejor de los algoritmos heurísticos, y con una clara superioridad frente 

al análisis sentimental.  

En general, los algoritmos de Machine Learning deberían obtener mejores resultados 

que los algoritmos heurísticos, debido a el cálculo automático de los pesos de los 

distintos atributos. Los resultados similares obtenidos en este caso se deben en gran 

parte a la escasa cantidad de datos etiquetados disponibles con los que se han 

entrenado estos algoritmos. En el caso de disponer de un set de datos etiquetados de 

mayor tamaño, es bastante probable que los resultados obtenidos por los algoritmos 

de aprendizaje automático hubiesen sido mejores.  

Con este análisis sentimental mejorado, es posible calcular el sentimiento hacia 

los actores principales de la red con una mayor confianza que utilizando únicamente el 

análisis sentimental puro. En el apartado sobre la creación del grafo con signos se 

expuso una lista con las conexiones positivas y negativas hacia cada una de las 

principales personalidades de dicho grafo, y se vio que la mayoría de los usuarios 

tenían más conexiones positivas que negativas. Usando los mismos tweets que 

crearon estas conexiones, y aplicándoles además del análisis sentimental, el 

procedimiento heurístico del sentimiento global, y retirando los tweets clasificados 

como neutrales, se obtienen los siguientes resultados: 

 

 

 

 

 

Tabla 5: Tabla comparativa de los resultados de las distintas alternativas en cuanto al porcentaje 
de tweets correctamente clasificados: Los algoritmos de aprendizaje automático, en análisis 
sentimental tradicional y el mejor algoritmo heurístico.    
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En esta imagen, se comparan para distintos usuarios influyentes las clasificaciones 

derivadas únicamente del análisis sentimental (las dos barras de la izquierda, con los 

colores menos vivos para cada usuario), con los resultados obtenidos de utilizar el 

análisis sentimental y el algoritmo heurístico. De ella se puede observar como usuarios 

que inicialmente tenían más conexiones positivas que negativas (como Theresa May o 

Jacob Rees Mogg), pasan a tener un sentimiento agregado negativo, al mismo tiempo 

que la clasificación del sentimiento hacia todos los usuarios evaluados es más precisa 

Este trabajo ha alcanzado los siguientes objetivos propuestos inicialmente: 

- Crear una metodología para construir un grafo con signos a partir de una red 

social sin un mecanismo explicito para la creación de relaciones negativas.  

- En concreto, se ha construido dicho grafo a partir de la red social Twitter, 

debido a su peculiar modo de funcionamiento y estructura, que ha sido 

cuidadosamente estudiada. 

- Se ha construido y analizado dicho grafo con signos, llegando a conclusiones 

de gran interés sobre el mismo, obteniendo de su estructura un caso de uso: el 

análisis del sentimiento agregado hacia los personajes más influyentes de la 

red. 

- Se ha mejorado la calidad de las predicciones realizadas por el análisis 

sentimental, utilizando distintas metodologías y demostrando que las relaciones 

sociales intrínsecas a estas aplicaciones pueden mejorar los resultados de las 

técnicas de procesado de lenguaje natural. 

Figura 4: Diagrama de barras que muestra la diferencia entre las clasificaciones iniciales obtenidas mediante el 
análisis sentimental, y las obtenidas utilizando además el procedimiento heurístico de sentimiento global.   
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En cuanto a las líneas futuras de trabajo, se podrían considerar las siguientes: 

Una de las características del texto de los tweets que más perjudica a las técnicas de 

análisis sentimental es el sarcasmo, que hace que interacciones que deberían ser 

negativas sean clasificados como positivas con una elevada confianza. Incorporar una 

metodología para identificar estos textos sarcásticos mejoraría aún más la técnica 

conjunta de análisis sentimental y teoría de grafos.  

Otra mejora, orientada concretamente a los modelos de aprendizaje automático 

consistiría en etiquetar más tweets, para poder entrenar los algoritmos con una mayor 

cantidad de datos. También, Una etapa de procesamiento del texto previa a su paso 

por el algoritmo de análisis sentimental también podría mejorar la calidad del mismo.  
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1 Introduction
Social Network Analysis (SNA) is the use of different techniques for investigating
social structures and extracting useful information from them. It maps and measures
the relationships and flows of information between people, communities and organi-
zations, and in the last decades with the rise of many online social networks it has
created a lot of research interest as it has proven to have a great role in understanding
and improving social computing applications.

On the other hand, Graph Theory is the branch of mathematics that studies networks.
It’s strength comes from its abstraction capabilities, as it is able to model any kind
of structure with pairwise relationships between objects, like computer networks,
transport networks or social networks like in the specific case of this work. Social
networks are one of the most clear and beautiful examples of everyday interaction
with graphs. When these social networks are used to construct graphs, most times the
users are represented as different nodes, and edges represent some sort of relationship
or interaction in between the users. These graphs are then used to get a deeper
insight into the social network and extract meaningful knowledge. Because of this,
graph theory is one of the most useful tools in Social Network Analysis.

Most of the research on this area has focused on the construction of graphs with
positive relationships between individuals (friends, followers, etc...), however if the
interactions in these social media sources are carefully analyzed, many non-positive
or negative interactions can be discovered, and incorporating these interactions on
the analysis can provide a much deeper insight towards understanding the social
network [1].

One reason for not taking into account negative links is the difficulty to explic-
itly label negative interactions in social media, as most of these applications allow
users to make friends, follow, and like, but do not explicitly allow to label negative
interactions with others. The main objective of this work is to create a signed
network from social media by analyzing the text underlying the interactions between
the different users, and infering if such text depicts a positive or negative intention
towards the user that it is directed to.

Out of all the possible social networks, Twitter has been chosen for this work.
Twitter is a very popular micro-blogging service where users create short messages
called "tweets", that generally express opinions about different topics [2]. Over the
past years Twitter has become a very popular network, and as a result a lot of
work has been done to construct graphs from it and analyze its structure. However,
as far as we are aware, there have not been many works that attempt to infer a
signed network from Twitter. This is done by collecting tweets, extracting the ones
which have mentions (a mention looks like " I am mentioning @MentionedUser"
in the Twitter text), which are a way to address another Twitter user, and then
analyzing the rest of the text to infer the sentiment towards such mentioned user.
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Many important personalities like politicians, actors, and journalists, use Twitter
frequently to exchange their opinions on certain topics, celebrate events, or to just
keep their followers aware of their activities. Extracting who are the most influential
or active users on a topic, and infering the sentiment of the rest of the users towards
those influential personalities can be of great use, like shown in [3], where an over-
date sentiment analysis of the three top candidates to the Indian elections is done,
predicting with success the outcome of such elections. In our work we will specifically
analyze the sentiment towards the most influential players of the Brexit Panorama.

For this Machine Learning techniques are used, specifically Sentiment Analysis
(SA), which is a branch of Natural Language Processing (NLP) that tries to infer
the sentiment of a given sentence or document. However, as the goal is to infer
the sentiment towards a specific mentioned user, traditional sentiment analysis is
not enough, and a more thorough process has to be carried out to achieve this
classification, which is a task that is made even more challenging by the peculiarity of
Twitter‘s data, as the text most times is unstructured, has misspellings, abbreviations,
and slang.

Because of the difficulty of sentiment analysis (even human annotators find it hard
to agree, and only do so about 80% of the time) and these extra challenges derived
from the intrinsic structure of Twitter text, a method to increase the quality of the
sign prediction will be leveraged also, by combining the Natural Language Processing
techniques with insights taken from the social structures intrinsic to the network. A
heuristic approach and a Machine Learning approach will be implemented to improve
the performance of the targeted sentiment analysis by itself, incorporating some
previous knowledge about the sentiment towards the discussed influential users and
knowledge about the relationships in the social graph.

Different Twitter data sets about popular topics have been collected, and previ-
ous to any kind of Machine Learning or Graph Making step, this raw data will be
analyzed to also show how much useful information can be retrieved from it without
performing any kind of exhaustive analysis.

The main parts of this Master Thesis are:

– 1. Collecting raw Twitter data and extracting information from it.

– 2. Performing a Targeted Sentiment Analysis on the data to obtain the building
blocks necessary to construct the signed graph.

– 3. Signed graph construction.

– 4. Graph analysis

– 5. Sentiment Analysis Enhancement using the social relationships embedded
in the graph.
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In the path of reaching the final goal of this work, which was making the signed
graph using the sentiment analysis, and then further trying to improve this technique
by using the graph itself, various difficulties were found, which had to be analyzed and
solved before being able to progress any further. These milestones will be discussed
in depth in their specific sections. This project tries to prove how a signed graph
can be built by carefully analyzing the text inherent to the interactions belonging
to certain kind of social networks, and how these signed graphs better represent
the inherent structure of such networks. Also, it will try to show how using this
signed graph, the performance of the sentiment classifier can be enhanced by not
only taking into consideration the natural language processing approach, but also
some information extracted from the graph itself. Figure 1 depicts the Pipeline of
this process for improving sentiment labels.

Figure 1: Pipeline of the Sentiment Analysis enhancement.

The rest of this work is organized in the following manner: chapter 2 describes the
background of social network analysis, graph theory, previous construction of signed
graphs from social networks, and sentiment analysis and its variants for targeted
sentiment classification. Chapter 3 describes the different methods for obtaining data
from Twitter, the challenges, and the information that can be obtained straight away
by a very lightweight processing of this data, before any kind of Machine Learning or
Graph analysis algorithms are applied to it. Chapter 4 outlines the way in which the
links for the graph will be obtained: using Natural Language Processing and a target
specific variant of Sentiment Analysis, while discussing some of the peculiarities that
make Twitter text a challenging source of data for NLP. Chapter 5 discusses the
Graph Construction process and the properties obtained from these graphs along
with the normal properties of graphs extracted from social networks, as well as the
different insights obtained by applying Graph Theory techniques to them. Chapter 6
discusses various ways to improve the quality of the sentiment analysis using social
graphs. Lastly, chapter 7 provides a summary of the work done, and future lines of
work that could be addressed.
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2 State of the Art
This work, belonging to the broad world of Social Network Analysis, mixes exploratory
data analysis of Social Networks, Machine Learning, and Graph Theory. This section
will consist of a small introduction to each of these fields, as well as a description of
the previous related works within them that have been taken into account and used
in order to reach the goal of making the signed graph and extracting information
from it.

2.1 Social Network Analysis
Social Network Analysis or SNA has its roots in the 20th century, where social
networks were used to connote relationships between different entities of social sys-
tems. Back in the 1930s, it emerged as one of the main building blocks of social
theory, whose approach to Social Network Analysis was referred to as "sociome-
try" and was carried out at first among prison inmates and school students. At the
same time studies were carried out at Harvard by anthropologist W. Lloyd Warner [4].

From this period until the 1970s many centers for social network research appeared,
each studying different applications of social networks, and even belonging to different
social science fields. However, none of these centers succeeded at providing a general
approach for social science research focused on social networks.

In the 1990s researchers from other fields started joining the world of SNA, like
physicists, bringing new potential into the field and making it evolve [4].

In the last decades, with the creation of the internet and the uprising of many
online social applications, social network analysis has gathered more interest than
ever before, as it is leveraged as one of the most powerful tools for extracting in-
formation out of this medialized world that we live in. It has evolved to englobe a
broad variety of areas and disciplines related to sociology, like community analysis
and detection, communication science, or social anthropology.

Social Network Analysis comes from three main insights:

1. Social relations are more important than individual attributes in understanding
societies.

2. The structure of social relationships is more important than their content.

3. Social relationships can be modeled like graphs, which can then be visualized
or analyzed using the different methods and theorems of Graph Theory.

While social network theory can be readily applied in theoretical research and
qualitative empirical studies, there is a general emphasis on the use of software to
analyze and visualize network data once it has been collected, which probably comes
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from the main source where the data comes from: the internet. Because of this,
social network studies involve social, mathematical, statistical and computer sciences.

Some applications of Social Network Analysis are:

1. User grouping and community detection.

2. Trend Identification in online social networks.

3. Fake news detection.

4. Assistance in marketing decision and planning [5].

5. Content and information flow and diffusion.

A Social network is built by representing social relationships or interactions in
between individuals (single persons) or groups (like businesses or communities).
The relationships can represent friends or followers in a social network, business
relationships like partners, or authorship, co-authorship in the case of writers for
example. The interactions can be messages or correspondence exchange between
different users, acquisitions in the case of businesses or citations in the last case of
the writers.

These ties, by nature, appear to be positive or even neutral, however negative
ties can also exist, derived from hostility or conflict in interactions. As intuitive as
this might seem, not many social network graphs are built using negative interactions,
leading to incomplete versions of these networks, where some very valid information
is not included. This deficit makes up for the main goal of this work: making a signed
network from a social media site, including both positive and negative interactions.

2.2 Graph Theory in Social Network Analysis
As mentioned earlier Graph Theory is the study of graphs, which represent objects
and the relationships and connections in between them, using nodes and edges. In
social networks most times the users are represented as nodes and the edges consist
on some sort of relationship or interaction in between those users. Much work
has been done in the construction and analysis of graphs from social networks like
[6] where different community detection algorithms are performed, evaluated and
compared on different types of graphs. specially social ones. The word community
actually comes from the social context, referring to the way individuals tend to form
groups. A similar work related to clustering could be [7] that studies the application
of spectral clustering and visualization to graphs, showing that spectral machine
learning methods can be extended to networks using specifically designed matrices.

Graph theory however, is a very powerful tool, which can be used for a much
more than community detection or clustering. Theorems of graph theory can be
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used in the field of nanotechnology and biology, being widely used in ADN-like
structures being created, or in analyzing biological networks [8]. Graph theory is
also at the heart of our navigation systems [9], and fundamental in the functioning
of our communication networks [10]. This work is focused on the application of
graph theory to social networks, which is an area of research that has gained a lot of
interest in the past years, leading to a lot of investigation efforts.

Figure 2: Picture of different day to day networks: a transportation network where
the nodes are metro stations and the connections are the paths in between them,
and a computer network where the nodes are the different devices.

The goal to build a signed graph comes not only from the will to fully represent
the social relationships within an online social network, where negative interactions
are fundamental, but also to the theoretical possibilities that constructing a signed
network gives from the graph theory point of view. Building a signed graph allows us
to apply new theories which could not be used in a normal weighted positive graph.
The main theories that we can use in this manner are the Social Balance Theory,
first proposed by Fritz Heider [11], and Status Theory [12].

Heider’s basic hypothesis is that there is a tendency to achieve balanced states
in a network where the relationships or interactions are depicted as signed edges,
and that there is a pressure towards reaching such states. "If no balanced state exists,
then forces towards this state will arise". Works done around this theory indicate
that the tendency towards balance is a significant factor of cognitive organization,
and that it is also important in interpersonal relations. In his later work Hararay
incorporates mathematical and graph notions to Heider’s theory, introducing the
concept of signed graph or s-graphs, which can have positive and negative signs and
therefore can be have balance theory applied to its triads or cycles. A graph is
balanced when all of its cycles are positive, and cycles are positive when the product
of all its edges is positive. This balance theory will later be applied in the signed
graph obtained from Twitter data and is a very powerful tool, that can be used, for
example, for sign prediction.
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Figure 3: Signed Triads. Based on the number of positive edges the triads are
balanced T3,T1 or unbalanced T2,T0.

While Balance Theory is predominantly defined for un-directed networks, Status
Theory is defined for directed ones. This theory suggests that nodes with a low
status will have a positive link towards nodes with a higher status and vice-versa. In
directed networks there exist two types of triads: cyclic, where all the links follow
the same direction, and un-cyclic, when they don’t. In a signed network, combining
edge sign with its direction leads to four types of cyclic triads and eight different
types of un-cyclic triads.

Figure 4: The four possible cyclic triads in a directed signed network.

This theory, like Balance Theory, can also be used for sign prediction in signed
networks, but in this case when the edges in these networks have direction. Balance
theory can also be applied to directed networks by not taking into consideration the
direction of the edges

Previous works have been done in the literature of SNA about building signed
graphs from social network applications like [13], that also apply Balance Theory
to the resulting networks, however, these works infer the negative signs from appli-
cations where a negative interaction can be explicitly labelled by giving likes and
dislikes, or bad ratings or reviews. These applications are Wikipedia admins site,
Slashdot (which allows to tag other users as friends or foes) and Epinions product
review site. Epinions is a very popular site for research on signed networks, like
shown in [14], where the authors try to predict signed ties between users starting
with an unsigned network and some additional information from the application,
and [15], which uses Epinions to predict missing links on the user network. While
the resulting networks are robust and well built, using only these kind of platforms
greatly limits the applications from where signed social networks can be extracted, de-
rived from the lack of a explicit notion of negative relations in most social applications.
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Despite of this, some work has been done trying to extract negative relationships from
social applications without any negative interaction inference mechanism. The way
to do this is by analyzing the text that is intrinsic to most social applications, which
amounts for a large portion of the interactions on them, and using Natural Language
Processing techniques to extract the sentiment of these interactions and therefore
the positive or negative emotions in between the users taking part in them. In [1]
threads from discussion forums between two individuals are manually annotated
using Amazon Mechanial Turk, and analyzed in order to infer the sentiment between
the two users who are engaging in the discussion. It does this by first identifying
polarized words to see if the sentence shows any attitude, and then training a classifier
using lexical items, polarity tags of words, and POS tags to classify the sentiment of
the interaction. Once this sentiment is obtained, the network is built by connecting
the individuals based on the sentiment of their interactions. Once the network is
built Balance Theory is applied to it and compared to what is obtained in a random
network, showing that the network built is highly complaint with Social Balance
Theory. Also, [16] creates a signed network by using sentiment analysis on user posts,
dividing the users into five simple categories: Highly Positive, Positive, Neutral,
Negative and Highly Negative. However, as mentioned before, Twitter presents
some very peculiar characteristics that make the sentiment analysis of the text very
challenging. Also it is not clear how to create a signed network from Twitter, as we
have users that are linked via retweets, follower/followee relationships or mentions,
leading to a wide variety of options to represent the edges of the graph.

2.3 Twitter research
Twitter is a very popular microblogging platform that was created in 2006 and has
it’s main headquarters in California. It’s functioning is very simple: users post
text messages of up to 140 characters (although this limit can be extended to 280),
alongside with URLs, images, videos or GIFs. Inside this text the user can add
keywords using hashtags (a hashtag looks like: #Hashtag) that relate to a relevant
topic or event, and they can mention other users from the network (a mention looks
like @mention) to address them. The way the content shows up to the users is either
by a user being mentioned by another user so a notification appears on the first users
interface, or by tweets from related users of the first one showing up on his time-line.
The way these relationships are established is via a follower/followee mechanism, in
which users can follow any other user whose tweets they want to receive in their feed.
Generally users can not put restrictions on the accounts that follow their profile,
so anybody can follow anybody without any kind of request, like it is needed in
other popular social networks like Facebook. This fact, and the relaxed nature of the
content (short sentences discussing a certain topic or event don’t require as much
work to post as content on other kinds of social networks) has made Twitter explode
in popularity, reaching 300 Million users in 2016 [17].

Twitter has become over the last years one of the most important news sources
for collecting quick hints of information. As users unambiguously post their opinions
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or feelings directly in the platform, Twitter is a great way of receiving information
from journalists, celebrities or politicians, and getting an insight of what they are
saying themselves, instead of through the delay/filter that’s intrinsic to some other
kind of news sources like newspapers. Due to this, and the increasing popularity of
the platform, Twitter has gained a lot research interest in the last decade, leading up
to a wide variety of published works. Twitter data being publicly available, unlike in
many other social networks is another of the reasons why Twitter has attracted such
a high volume of research interest.

Despite the richness of the interactions in the Twitter network, it is true that
by only following those users that are similar to us we are very proclive to get stuck
inside a so called filter bubble or an echo chamber, where the same kind of information
gets repeated and reinforced, having information from sources with different points of
views or ideologies weighted down or discarded. Because of this there has been a lot
of research work oriented towards homogenizing the information that reaches users
in social networks (specially Twitter) like [18], where certain topics are picked from
the content published on Twitter, characterizing the different viewpoints on these
topics by classifying them onto campaigns. It then leverages information propagation
techniques to be able to pick new users from opposing campaigns in order to maximize
the number of other users for which that topic is relevant which are exposed to both
campaigns, and therefore not anchored in their own filter bubble. Following this line
of research, works have also been done to explore when a topic can be regarded as
"controversial" like [19] where the conversation graph on a certain topic is studied, as
this graph for a controversial topic should have a clustered structure, derived from the
fact that individuals with the same point of view on a certain topic tend to endorse
and amplify each others arguments, creating a dense network of interactions. It also
proposes and describes different metrics for evaluating if a topic is controversial in a
quantitative manner.

In [20] the authors model user behaviour in Twitter to capture the emergence of new
trending topics by investigating the retweet graph, where the nodes are the users
making retweets about a certain topics and the original users who posted those tweets,
and an edge is created between two nodes if one of them has retweeted a tweet from
the other one. Their findings show that the retweet graph for a new arising trending
topic tends to have a relatively dense Largest Connected Component (LCC). There
are also many works that try to detect influential users in the Twitter network and
quantifying the influence of each of them. [21], proposes a set of metrics to quantify
influential users in Twitter, that range from the well known centrality to measures
obtained using the Twitter API, to metrics derived from complex mathematical
models. This research will be relevant to the work presented in this project, as it
will later be exposed.

Twitter has also been used to study the user behaviour during relevant events
like political campaigns or elections, like in [22], where a large and complex dataset of
users who participated actively in this topic is collected and analyzed. Also in [3] the
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authors build a graph from Twitter data collected around the topic of the presidential
elections in Pakistan and India, infer the sentiment on a certain target-topic pair
(being the target a candidate for the presidential elections) and use diffusion models
to learn how support for each candidate spreads through the network, calculating the
outcome of the elections for each candidate using a sentiment score and successfully
predicting who would be the winner.

In line with one of the main topics on this project, which is Twitter Sentiment
Classification, various recent works have studied the detection of harassment or
bullying on Twitter. Automatic abuse detection is a hot topic right now for most
social media platforms, as to keep their users from actively harassing each other, if
mechanisms like these were implemented those users that are heavily disrespectful
towards others could be automatically banned. [23] uses a traditional Machine
Learning approach to detect hate speech on Twitter using publicly available Twitter
datasets, and reporting the best performance using n-grams from 1 to 3 units long
and Logistic Regression with Tf-Idf features. [24] uses a similar approach but this
time manually collecting the tweets and labelling 25000 of them. The performance
in this case achieves accuracies of more than 90%, which is a very impressive result
for a text classification task of this kind.

To end this sub part of Twitter research, works that are more closely related to
this one will be superficially discussed. [25] takes a granular approach to sentiment
analysis, performing an overall sentiment analysis of the users that mention a certain
technological account (this could be used for example to infer if the feeling towards a
new product or marketing campaign is positive or negative) and then performs this
same sentiment analysis in a more granular way by dividing the users in the initial
set into different communities and performing the per-community sentiment analysis
for the content created over a certain period of time. By doing this they obtain the
evolution of the overall sentiment towards the targeted user and also the evolution
of the sentiment of individual communities towards that account. [26] studies the
structure and characteristics of different kind of Twitter networks like the previously
commented Retweet Network, or the follower/followee network. There is also an
important battery of works that focus on performing sentiment analysis on Twitter,
however most of them solely rely on a Machine Learning approach, analyzing the
plain text intrinsic to the twitter interactions but not with the goal to build any kind
of network. These kind of works will be described in the next sub section.

2.4 Sentiment analysis
Sentiment Analysis (SA) is a specific branch of Natural Language Processing (NLP),
which in turn is a branch of Machine Learning (ML). Its goal is to given a certain
text as an input, classify such text as having a positive, negative or neutral feeling or
emotion. At its start, sentiment analysis was regarded like another text classification
task, of the sort of topic classification or spam detection, however the initial works
showed that sentiment analysis required a more thorough approach than these other
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tasks [27]. This is derived from a lot of facts, like the use of sarcasm, vague senti-
ments or nonexistent sentiment, and the difference between polarized and depolarized
expressions. As sentiment analysis started being regarded as its own NLP task, the
results of the works with the goal of performing this task on different kind of texts
started increasing in performance as more and more techniques were proposed and
evaluated.

These first works showed that the dictionary approach, where certain keywords
are looked for in a sentence in order to classify it as positive or negative, was not
enough for accurate sentiment classification. A very well known example sentence
that reflects this is:

“Jane Austen’s book madden me so that I can’t conceal my frenzy from the reader”

While the words in this sentence like frenzy or madden could express a negative
sentiment, by reading the whole sentence we can see that it shows a positive feeling
towards Jane Austen and her work. It is because of this kind of problems that Ma-
chine Learning was leveraged as a solution to the Sentiment Analysis task, resulting
in a wide variety of works, performed in all kinds of text, like movie reviews, articles
or Tweets.

One of the main issues that makes sentiment analysis so challenging is inferring if the
sentence actually reflects any kind of opinion, that is to say, if its subjective or not.
Subjective sentences are relevant and present user’s attitude, view, or belief, while
objective sentences are irrelevant and present information which is factual. In most
sentiment analysis models this "objective" category is incorporated by adding a third
classification output: 1 or positive, -1 or negative and 0 or neutral/non opinionated.

The Machine Learning model that is generally used as a baseline for sentiment
analysis due to the trade-off between performance and simplicity is Naive Bayes.
It is a probabilistic model that comes in various shapes (mainly Multinomial and
Bernuilli for the text classification task) and that makes an independency assumption
from Bayes Theorem to make it computationally effective while still keeping its
fundamentals and performance [29]. These models calculate the probability of a
sentence belonging to a certain class (positive, negative or neutral in the case of
sentiment analysis) as the product of the prior probability of such class times the joint
probability of the document and the class, which in the end, taking the document as
a sequence of independent words (due to the independence hypothesis previously
mentioned) its just the prior probability of the class times the probability of each
word in the sentence belonging to such class. After computing this for all the classes,
the given document will be assigned to the class with the highest probability score.
Mathematically this is expressed as:

P (c|d) = P (d|c)P (c)
P (d) (1)
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Where the term on the left is the probability of a class given a certain document,
which is calculated for all the classes, the numerator on the right is the probability
of the document given the class, which can later be expressed as the product of the
probabilities of each of its words belonging to such class, and the prior probability of
the class. The denominator is called the predictor probability, and most of the times
it is cancelled out, as it is the same for all the classes.

More complex and powerful models that can be used for sentiment analysis are
Logistic Regression and Support Vector Machines, like in [30] where SVMs combined
with feature selection techniques are used to classify movie reviews as positive or
negative achieving better results than the traditional Naive Bayes approach performed
in the same dataset.

Support vector machines or SVMs are supervised machine learning models that
are mostly used for classification, and can perform non-linear classification by the use
or kernels, mapping their non-separable linear inputs to a higher dimensional space
where they can be effectively separated. They are the last evolution of the maximal
margin classifier, which is a classifier that in a p dimensional spaces tries to create a
hyper-plane that can perfectly separate the differently labeled data instances. The
equation of such hyper-plane has the following structure:

b0 + b1X1 + b2X2 + ....bpXp = 0 (2)

After we get a new data point (X) and input its coordinates into this equation,
the sign obtained (positive or negative) tells us in which side of the hyper-plane the
point lies, and therefore what class it belongs to. Out of all the possible hyper-planes,
the optimal one is the one that maximizes the margin to the closest training data
point, that is, assuming we have many hyper-planes which perfectly separate our
data, we take the one that is the furthest away from the training observations. This
is a very natural way of performing classification if a separating hyper-plane exists,
however most times this is not the case, and the different classes in which we want to
classify our data can not be perfectly separated. This issue leads to the next step in
the improvement of the maximal margin classifier, which is called a support vector
classifier or soft-margin classifier. This classifier allows a certain number of training
observations to violate the margin or even the hyper plane when choosing this hyper
plane, in order to perform better in the future when new data is evaluated and to
prevent over-fitting.

In the case that the data can’t be separated at all in a linear manner, there is
one last turn around to these methods, which is the use of kernels. This way we
arrive at the previously mentioned Support Vector Machines, which are an extension
of the support vector classifier that results from enlarging the feature space in a
specific way to accommodate non-linear boundaries, by the use of kernels. These
kernels or kernel functions map our low dimension feature space to a high dimensional
feature space where the data points can be separated by a hyper-plane. The following
figure gives a very clear representation of this mapping.
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Figure 5: Mapping from a low dimensional initial space to a high dimension feature
space where our data points can be separated by a hyper-plane.

Naive Bayes was introduced here because it is the most basic Sentiment Analy-
sis approach, and SVMs because they will be periodically mentioned throughout the
text. Logistic regression and different types of Neural Networks will be explained in
the following chapters, when we talk about their application in the particular use
case of this work.

The area of sentiment analysis on Twitter has been largely explored, reporting
a large amount of results that bring to evidence how Twitter’s text peculiar structure
makes sentiment analysis even more challenging. For traditional Machine Learning
methods of sentiment analysis, the features that are fed to the classifier involve
vector representations of the words, part of speech tags, and information derived
from syntactical parsers. In a properly structured sentence, most of the words would
have a vector representation derived from the vocabulary that the NLP model was
trained with. Also, the words would easily be recognized as nouns, verbs, adjectives
or adverbs. Finally, using an average performance syntactical parser, the relation-
ships between the different words could be easily obtained. In Twitter however
because of abbreviations, slang, hashtags and non-coherent sentence structures, these
assumptions do not always hold true. Consider the sentence:

“btw if u think that #PeoplesVote, would mak a diference now, stop thinking: it
wont #Brexit”

The abbreviations (btw), misspellings (mak and diference) and the hashtags be-
ing embedded in the sentence and used as words (#PeoplesVote) make it very hard
for the previously discussed features to be efficient in a Twitter Sentiment Analyzer.
These characteristics will be futher explored in the chapter dedicated to Targeted
Sentiment Analysis. Because of them, the State Of the Art techniques for Sentiment
Analysis on Twitter, use Neural Networks and Word embeddings to automatically
learn features for this task. Word embeddings are fixed length n vector representations
of each word, built in a way so that similar words or words with similar meanings
have a close vector representation in the n-dimensional space where the vectors are
represented. The classical example of how word embeddings work is represented in
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the following image:

Figure 6: If from the vector representation of the word King we subtract the vector
of Man and add the vector of Woman, we are left with the vector representation of
Queen.

There are many different kinds of word embeddings, being some of the most known
GloVe from Stanford University [31] and the Word2vec models [32]. These repre-
sentations have greatly contributed to increase the performance of just about any
text classification task, and specially sentiment analysis. More about them will be
discussed in the chapter dedicated to this topic.

For the goal of constructing a signed social graph from Twitter interactions however,
normal sentiment analysis is not enough, as we do not specifically want the sentiment
of a whole sentence, but rather the sentiment of that sentence with regards to a
specific target (as the way that users have to address other users in the Twitter text is
by mentioning them with @mention). Because of this, a branch of sentiment analysis
denominated Targeted Sentiment Analysis will be used. In this variant the inputs
to the classifier are a sentence, and a target entity within that sentence, and the
output like before is a sentiment (positive, negative or neutral) but in this case not
concerning the whole sentence but rather the sentiment towards the user. Consider
the sentence:

“I have to say, the Oscars ceremony was horrible, lousy presenters, boring com-
mentators and edgy nominations, however @emiliaclarke looked so amazingly beutiful
<3 #Oscars”

In this sentence the overall sentiment is negative, however the sentiment towards
@emiliaclarke (Emilia Clarke from Game of Thrones) is positive. We would want
a classifier that can differentiate these two types of classification and that given a
certain target it will output the sentiment towards that target, and not the overall
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sentiment of the sentence. Different algorithms for this kind of task will also be
discussed in the chapter dedicated to Targeted Sentiment Analysis.

2.5 Machine Learning and Graph Theory
By now the individual backgrounds of sentiment analysis and of Graph Theory have
been explored, seeing how useful each of them can be if used separately. However,
there are some works in the literature that discuss the combination of both techniques
to achieve results with surpass the ones obtained by applying any of them individually.
[33] combines Support Vector Machines and the graph-like structure inherent to
proteins to propose new algorithms for protein structure prediction. [34] discusses
the different methods (supervised and unsupervised) that use graphs for learning,
with the posterior purpose or clustering or classification.

More relevant to this project are various works that explore the mixture and com-
bination of graph theory and Sentiment analysis, in order to achieve results that
outperform any of the individual techniques. Balance Theory, which has been intro-
duced before, is a well known method for predicting non existing edges on a network
by completing triangles with edges of signs that make them comply with balance
theory, like in [35]. Also, sentiment analysis can be used to predict the sign of the
interactions in between users of a network and infer the edge in between them based
on the output of this classification, like in [1].

Figure 7: Sign prediction using balance theory. For the triangle on the left the
missing edge should be positive in order to comply with balance theory, and negative
for the one on the right.

This previous work is similar to what this project wants to achieve, however the
interactions analyzed belong to a messaging exchange platform, where the sender and
receive of the messages are intrinsic to the application, meaning that straightforward
sentiment analysis can be used, without the need for the targeted version. In [36]
sentiment analysis and balance theory are used to predict the edges of a network
(the Wikipedia admin network) and then the final set of edges is chosen such that
the error of incorrect edges is minimized, by dividing such error into a term that
comes from the sentiment’s analysis confidence and a term that comes from the
number of non balanced triads in the network. The results show that by combining
sentiment analysis with social insights and balance theory the performance of the
edge prediction is increased from the performance of each of the individual methods.
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In [37], acknowledging that the task of sentiment classification for Twitter presents
many challenges, a method to enhance the performance of sentiment analyzers is
proposed by taking advantage of the rich social structure in which the Twitter text
is embedded. By making some assumptions about the patterns in which users react
to specific target-topic pair opinions from other users in the same social network, a
method is build to improve the performance of the plain sentiment analysis by using
sentiment aggregates of target-topic sentiment, and user-tweet aggregates.

Lastly in [38] the follower/followee and mentions network (built by connecting the
users who mention somebody in the tweet text to that user who is being mentioned)
are used together with standard sentiment analysis to predict new edges in a Twitter
network for a certain topic. First a set of gold-label users with a very strong feeling
towards the topic are chosen and labeled as positive or negative towards that topic.
New tweets on that topic are then collected, and a traditional sentiment analysis
technique is used on them to determine the first tier sentiment. However, if the user
who is making the new tweet follows any of the users from the gold-label set, the
sentiment of their tweets is changed to whatever sentiment the user from the gold
set has, independent of the sentiment derived from the Machine Learning approach.
This approach is backed up by the Homophily concept, which is is the tendency of
individuals to associate and bond with similar others. Because of this, the authors
assume that if a user follows another one whose position on a certain topic is known,
the first user will have the same opinion about such topic as the second one.

These three previous works are the main sources of the inspiration for the sen-
timent analysis improvement proposed in this project, so they will be covered more
in depth in chapter 6. By mentioning them we finish describing the background
of the previous works that have inspired this one, and therefore continue to the
first chapter of practical work: Analyzing how raw Twitter data, with no machine
Learning or Graph analysis can already provide a large amount of useful insights
and information.
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3 Extraction of information from raw Twitter Data
Twitter unites millions of users around the new and popular concept of microblogging,
allowing them to post text messages up to 280 characters long that can include
images, URLs or other kinds of content. Users also can "follow" other users without
mandatory reciprocity [39]. Its laid back and simple principals have made it a very
popular platform to share and consume information about current events.

This kind of blogging encourages a faster mode of communication, lowering the
user’s requirements of time and thought investment for content generation, thus
increasing the frequency with which post are created, having microbloggers post
many different updates in the same day.

The popularity of Twitter, along with the peculiar characteristics of the social
network underlying the application, have made it a very powerful tool in a wide
range of tasks, from trend modelling to marketing or even predicting outcomes of
presidential elections [3]. These characteristics have also awakened a lot of research
interest, leading a large corpus of work being dedicated to analyzing the Twitter
graph structure [40] [20] [41] community detection on Twitter [42], or just plain
analysis of the inherent properties of the application [43].

All of this work is also motivated by the good quality of service provided by the
Twitter APIs, that despite having some limitations, let users download almost all
the information regarding the application that can be of some interest. There are
two Twitter APIs that can be used, the Streaming API, for downloading content
that is being produced in real time, allowing for users to filter the requested tweets
to contain specific words or hashtag, come from specific locations or from certain
accounts, and the Twitter REST API, that allows users to download historical data
like user timelines, retweeters of a certain tweet, or followers and friends of a certain
account [44].

In this work, the Twitter Streaming API was used to collect data on four different
popular topics. These topics are:

• The Oscars, that happened on the 25th of February. Data was collected from
a week before and for a week after. In this period 1.6 Million Tweets were
collected.

• Brexit, which had a very busy period from the 11th to the 29th of March.
Almost 900.000 tweets were collected for this topic.

• Venezuela, which was also a very active topic constructed a dataset of 327557
tweets.

• Game of Thrones, which last seasons premier episode aired on the 14th of april.
For this dataset data was collected from the day before the episode to one day
after, collecting 72312 tweets.
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To do this, the Streaming API was queried in the planned dates for Tweets containing
the following hashtags: #Brexit or #brexit for the Brexit dataset, #Oscars and
#oscars, for the Oscars dataset, #Venezuela for the Venezuela dataset, and #GOT,
#GoT, #Gameofthrones and #GameOfThrones for the Game of Thrones dataset.
To expand the size of the datasets, and not limit the tweets to these specific hashtags,
a script was built to dynamically increase the list of hashtags that were being queried,
so that taking into account that tweets most times include various related hashtags,
for every 5000 tweets, a list was built with each hashtag collected and the number
of times it had appeared, and then the top hashtag that had not previously been
included in the queried hashtag list was added.

In this manner we end up with hashtags like #PeoplesVote on the Brexit dataset
being the second most used hashtag, ahead of #brexit, which was included in the
initial list of queried hashtags, and also enlarged the mentioned datasets.

The Twitter Streaming API returns a JSON object which contains a lot of valuable
information for later analysis like the tweets text, user who produced the tweet, a
timestamp, source, location, if its a retweet or not, and much more. This chapter
describes how to exploit this information, without any kind of Machine Learning
or Graph Theory techniques, to see the large amount of useful insights that can be
taken from Twitter data with a very straightforward analysis.

The following figure depicts part of the structure of the JSON object returned
by the Twitter Streaming API.

Figure 8: Figure showing part of the JSON object returned by the Twitter Streaming
API

Using Tweepy [46], a Python Library for interfacing both Twitter APIs, and Pandas,
Matplotlib and other well known Python Libraries, it is very easy to get a lot of
valid information out of this JSON object without any complex analysis.

First we will explore the different types of Tweets that are returned by the Streaming
API. These Tweets can be grouped into 3 main categories: Retweets, which are
tweets posted by one user that are forwarded by another user, tweets with mentions,
which are a way to address another twitter account using their username, and tweets
that are just plain text. The following are examples of each of these, in the format
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returned by the Twitter Streaming API:

1 "RT @TIME: Here are all the moments that got fans shipping Brienne of Tarth
and Tormund Giantsbane on #GameofThrones https:t.co6wTUBwUGvq"

2 "Here it is! The #Brexit Party. And @Nigel_Farage is back!"

3 "Protecting against the risk of #Brexit in your construction contract #con-
struction https://t.co/myGYDHfe5ZX"

Tweet one is an example of a retweet. These tweets are provided by the Stream-
ing API with the format RT @OriginalAccount: text in their twitter text, where
@OriginalAccount is the initial account that posted the tweet, and to see the user
who actually retweeted it we would have to look at the JSON object "user" category.
Tweet 2 is a tweet that contains a mentioned towards the user @Nigel_Farage, and
Tweet 3 is a normal plain text tweet. The Figure 10 shows the percentages of each
tweet tweet type for the different collected datasets.

Figure 9: Figure showing the different tweet types for the #Oscars dataset: Retweets,
mentions and plain text tweets

The percentage of retweets in comparison to the rest of the other types of tweets
shows that most people retweet posts from other users rather than creating their
own content. For example, in the Oscars dataset, there are 1655669 collected tweets,
but out of these there are only 317057 different ones, reflecting that there are a lot
of retweets (different users retweeting the same tweet). The following figure depicts
each type of tweets for all the datasets: From looking at this table, it looks like
the percentage of retweets in the topics that are not politically related (#Oscars
and #GoT) is larger than in the ones that are politicaally related (#Brexit and
#Venezuela). This could mean that for this last category of topics, users forward
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Figure 10: Figure showing the different tweet types for each dataset: Retweets,
mentions and plain text tweets

less messages and create more of their own content, sharing their personal opinion
than in the "amusement" topics like TV Shows or events, where they Retweet more
of the content that is being published by other accounts.

From this raw Twitter data, using text matching patterns or regular expressions, we
can extract who are the most mentioned Twitter accounts from the different datasets.
The following image depicts a bar chart and a wordcloud representation of the most
mentioned accounts in the Oscars dataset:

Figure 11: Bar chart and wordcloud representation of the most mentioned accounts
in the Twitter Oscars Dataset

This figure shows that the most mentioned account in the #Oscars topic was thea-
cademy, which is the official account for the Oscars. By doing this we can see who
are the most popular subjects on a certain topic.

For the Venezuela dataset, the previous figure looks like:

Its interesting to see from this dataset that most of the mentioned accounts are
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Figure 12: Bar chart and wordcloud representation of the most mentioned accounts
in the Twitter Venezuela Dataset

related to politics and that there are actually many accounts shared with the #Brexit
dataset, that come from British politics like @UKLabour, @jeremycorbyn or @Real-
jameswoods. Also, in both of these datasets with political taste @RealDonaldTrump,
the official account for US president Donald Trump, is one of the most mentioned
accounts.

The same thing can be done with the hashtags included in the tweets of each
dataset, to find popular trends or related topics to the ones that are being specifically
searched. In Figure 13 we can see that the top posted hashtag is #Oscars, which
is the main hashtag for the event, but also by only analyzing this image we can
see for example that the hashtags #BackPanther and #BohemianRhapsody, that
are hashtags representing the movies Black Panther and Bohemian Rhaposody are
present in the top 15, illustrating how these were the movies that were given awards
and therefore created the most discussion.

Another useful insight that can be obtained, is who are the most Tweeting users for
a certain topic. The following list depicts the users of the Oscars who have produced
the most tweets:
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Figure 13: Bar chart and wordcloud representation of the most used hashtags in the
Twitter Oscars Dataset

User Tweets
gadbadshetty 3343
bbluesky922 647
MMandOscar 638

THR 592
ronniehowlett3 574
dodleee6doo 540

MRoopchand143 472
CelebBlogNews1 442

nolimonfoo 435

It is even possible to analyze, among these top tweeting users, if any of them are Bots
that are automatically posting tweets. This can be done using the Botometer API
[45], or their online website. Using this API, out of these users the user @gadbadshetty
gets a chance of 87% of being a bot, and @CelebBlogNews1 of 88%, suggesting that
they are possibly bots. All the other accounts get scores under 30%.

Another interesting insight that can be discovered from this data is the amount of
Twitter traffic per day on a certain topic. In this way we can see the evolution of
tweet production inline with events regarding the topic. Figure 14 shows the time
series of tweet production for the #Oscars topic. From this image we can see that in
the days previous to the Oscars ceremony the traffic starts going up, to reach its
maximum in the night of the event, the day after there is still many tweets about it,
and then the number of tweets produced gradually goes down.

The Twitter Streaming API also tells us the device where the tweet was posted
from, if its known. The Figure 15 shows the number of posted tweets from different
categories of devices for the #GameOfThrones dataset. In this figure web refers to
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Figure 14: Evolution of the tweets produced for different days of the Oscars topic
collection process.

the Twitter official website, and iphone and android to the applications installed
in either kind of device. As we can see most tweets are posted from Smartphones,
specifically Iphone and Android, with iPhone being the most used medium to post
tweets.

The following table shows other kinds of information that could be relevant for
each dataset:

Dataset Mean Tweets/user Mean Tweet lenght
Oscars 1.91 112
Brexit 2.44 141

Venezuela 1,966 143
Game of Thrones 1.3 108

Table 1: Additional information that can be collected from the Twitter API for each
of the datasets.

From observing this table it looks like the political topics (#Brexit and #Venezuela)
lead to the production of longer tweets than the topics regarding TV Shows or events.
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Figure 15: Tweets posted from different devices in the #GameOfThrones dataset.

The Tweet length can be larger than 140 characters, as there exists the possibility to
post "extended tweets" which can be up to 280 characters, twice as long as a regular
tweet.

After having analyzed the available information that can be readily extracted from
Twitters Streaming API, the main parts of this work will be addressed, explaining
how to build a signed graph using Twitter data, and how to use graphs to enhance
the performance of the Sentiment Analysis needed to do this.
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4 Targeted Sentiment Analysis
Sentiment Analysis is the task of given a sentence, outputing its sentiment: positive,
negative, or neutral. As the Twitter social network does not include any kind of
explicit mechanism from which a negative relationship could be infered between two
users, the only way to proceed for creating a signed network is to analyze the text
intrinsic to the application. However, some further tough has to be put into how to
analyze the tweet text in order to build this signed network.

Every tweet is produced by a specific Twitter user, but just classifying the sen-
timent of each tweet using a sentiment analysis model, would only give us the polarity
of the tweets of such user, leading to a dead end in the construction of the signed
network. Tweets however, sometimes contain mentions, which are direct referrals to
another user of the Twitter network with the form "Hello @MentionedUser, how are
you?".

Considering the tweets with mentions as an interaction between the user who
produces the tweet and the user who is mentioned, a signed network could be formed
by analyzing the sentiment of said tweet. However, as mentioned in chapter 2, ana-
lyzing the sentiment of the whole tweet does not always lead to a correct sentiment
classification for the target that is being mentioned. Consider the following Tweet:

"Again, another horrible #GameOfThrones ep simply a disaster full of plotholes,
mistakes, and breakin the storyline, however there were some top performances from
@emiliaclarke #MotherofDragons Bad bad writing"

This Tweet, classified by the online sentiment analyzer TextBlob [47] as negative
with a polarity score -0.71, carries a very strong overall negative sentiment, however
the sentiment or opinion towards the mentioned target (@emiliaclarke) is positive.
Because of this, a distinct approach from plain sentiment analysis has to be used,
in which the task is not to analyze the sentiment of a whole tweet or sentence, but
rather to infer the sentiment towards a given entity within the tweet or the sentence.
This variant of traditional sentiment analysis is called Targeted Sentiment analysis,
and its what this chapter will be dedicated to.

In the framework of this work, the targeted entities would be the users mentioned
within the tweets, building in that way a network of @mentions, where a connection
is created between two users when one of them mentions the other one, and the sign
of such connection is infered by the targeted sentiment analysis of the tweet towards
the mentioned user.

4.1 Why Targeted Sentiment Analysis is needed
If the example shown above with @emiliaclarke is not clear enough of why traditional
sentiment analysis is not fit for the job we want to do, in this subsection a couple



26

more examples will be shown to highlight why the targeted approach is needed.
Consider the following tweets, taken from our #Brexit dataset:

1 "#Eggboy is my hero. THATS what we need more of. Absolutly love him. Not
the #FraserAnning and @RealJamesWoods of the world that are racist pieces
of crap that are scared of change because they are irrelevant now."

2 "Tonight I could not have more respect for @maitlis on #NewsNight verbally
kicking all levels of shit out of every utterly deluded member of parliment
inteviewed for triggering A50 leaving us #2weeks till utter diaster. Fuck the lot
of you."

Tweet 1 is directed towards @RealJamesWoods with a negative sentiment, however,
if given as an input, either to TextBlob or to The Pararel Dots AI API for sentiment
analysis [48], its gets classified as positive with 66% and 69% confidence respectively,
as they perform plain sentiment analysis over all the sentence with no specific target.
The targeted sentiment analysis model that will be explained shortly, classifies this
tweet as negative towards @RealJamesWoods with a confidence of 1, which is the
highest possible confidence output.

Tweet 2 on the other hand gets classified as negative by TextBlob and the Par-
alel Dots AI API with a confidence of 57% and 63% respectively, while it cleary
shows a positive feeling towards the mentioned user @maitlis. This Tweet is classified
as positive towards @maitlis with the highest possible confidence by the Targeted
sentiment analysis that has been implemented for this work.

These examples highlight the need for a tool that doesn’t focus specifically on
analyzing the sentiment of a whole sentence, but rather the sentiment expressed in
such sentence towards a target entity within it. The different approaches on the
State of the Art for targeted sentiment analysis will be discussed in this chapter,
but first we will explore some of the difficulties of performing Sentiment Analysis on
Twitter.

4.2 Challenges of Sentiment Analysis on Twitter data
Twitter text, due to the relaxed and easy going nature of the network for content
creation, leads to a high amount of data being posted, but at the cost of this data
sometimes resembling more an SMS with abbreviations and shortcuts than a properly
constructed sentence.

Most NLP approaches represent phrases as a vector of words using the "Bag of
words" approach. In this approach a certain vocabulary set of size N is created by
using a set of documents similar to the documents that are going to be analyzed
afterwards, (tweets in our case) and every word instance extracted, becoming known
to the algorithm and part of the vocabulary. Now, when a sentence is going to be
analyzed for whatever purpose, it is represented as a vector of size N with either a
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1 or 0 in each spot of the vector depending on whether the word that corresponds
to that spot is present or not, or by a number representing the word count in the
phrase. In either way, for a word to be able to have a significant effect on the
NLP task at hand, it needs to be included in the vocabulary. For Twitter, where a
lot of different expressions, abbreviations and slang are used, it is hard to build a
vocabulary that contains all the possible words that will be found in the following
tweets to be analyzed, and if so, the vocabulary size becomes incredibly big, dragging
down the performance of most algorithms.

Also, many NLP algorithms use features as the Part of Speech Tags or relationships
derived from syntatic parsers, which again, for Twitter, with its particular text
structure, dont work very well. Consider the following tweet, extracted from out
dataset:

.@maitlis’s is #mood rn xD #Brexit

If this tweet is analyzed for Part of Speech tags, the following results are returned:

Word POS Tag
.@maitlis PUNCT

’s PROPN
is VERB
# SYM

mood NOUN
rn NOUN
xD SYM
# SYM

Brexit PROPN

As we see, for this sentence that presents almost all the complications of Twitter data
(abreviations with "rn", emoticons with "xD" and metions and hashtags), the POS
Tagger from Spacy, a very popular python NLP library [49], does not know what to
do with the mention, caracterizes the abreviation "rn" for "right now", which are two
adverbs as a noun, and characterizes the xD as a symbol. For this specific symbol is
not very relevant, but symbols like :) =) :( or =( can be very good indicators of
sentiment, and for an NLP model to recognize them in that manner would greatly
help the classification performance.

Figure 16 shows the dependency relationships between the words. As it can
be seen from the image the syntactic parser does not perform very well, due to not
understanding the mention, the abbreviation and the emoticon.

Another recurrent issue found in Twitter data that limits the effective applica-
tion of sentiment analysis models is the use of URLs and pictures together with the
twitter text to infer sentiment. The following figure shows an example of the image
case.
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Figure 16: Dependency parsing on the previously shown tweet

Figure 17: Two tweets from the dataset which include images which are essential for
identifying the sentiment of the tweet.

These two examples clearly show that in some cases, only using the tweets text is
not enough to infer the sentiment, as the pictures that go along with this text can
be used to express an opinion that is not so evident in the text. The tweet on the
left part of Figure 17 criticizes the news covered by the account @BBCNews using a
combination of the picture and the text. The image on the right illustrates the same
behaviour, as the one on the left posting an image alongside the text mocking the
policy of @UKLabour and therefore showing a negative opinion towards them.

Another issue is the use of URL links that re-direct to an external article or post.
The following tweet

"@bbclaurak Take a look to see how much more business #EU will gain from #UK
https://t.co/pNEOeMEZMt"

which is a post to an article from The Telegraph, a British Newspaper, describing
the economical issues of Brexit. This tweet could be a neutral tweet just linking to
some information, or it could be an answer to a statement the mentioned user has
made, to correct it or show an contrary opinion to the mentioned user. To know this,
the article, the context, and the tweet’s text would have to be analyzed in order to
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correctly asses the sentiment towards the mentioned user.

This brings us to the next issue to be discussed: the context of the tweet, un-
derstanding by context the actions from the actors that have led to the publishing of
such tweet. Consider the tweet

"@Nigel_Farage Marching to Leave Nige?! Great Idea!! When you reach the channel,
keep going....... #Brexit #MarchToLeave https://t.co/9JkhTvUzWu".

This tweet refers to a walk in Sunderland organized by Nigel Farage to protest
towards leaving the EU and meet up with his followers, which was widely controver-
sial and lead to many jokes and sarcastic content being published. This tweet shows
mockery towards the initiative, however, without knowing the context it would have
been impossible to know. Also, even knowing the context of the post, this tweet is sar-
castic, which is another one of the problems to be faced by any sentiment analysis tool.

The final issue for the sentiment analysis itself is the excesive use of Hashtags,
and the use of these as actual words in the sentence, not just references to a topic.
For example in the tweet

"@Jacob_Rees_Mogg I hope so Mogg, because the alternative is #democracy no
longer carries any weight whatsoever in this country which means civil disobedience.
These #filibustering #Remoaner #MPs need to stop and realise the country comes
first, not themselves or their #EU utopian dreams."

there are a lot of hashtags that are replacing normal words are therefore could
interfear in the functioning of the sentiment analysis model.

Aside from issues intrinsic to the nature of the application and its text, there
are also some other difficulties that should be reported. The first is the absence
of a large body of datasets for Twitter Sentiment Analysis, and even more so for
Target Sentiment Analysis [50]. Many times the semi-supervised or noisy labeling
approach is leveraged to rapidly label tweets for sentiment analysis using emoticons
for example [2]. This is also due to the difficulties of labelling the tweets because of
the previously mentioned issues.

4.3 Previous targeted Sentiment Analysis approaches for
Twitter data

Targeted sentiment analysis, as mentioned earlier, is a variant of sentiment analysis
that does not have the goal of predicting the sentiment of a whole sentence, but
rather of predicting the sentiment towards a given entity within such sentence. Works
in this field show that straightforward sentiment analysis for this task doesn’t work
out well, as the relationships between the target and the rest of the sentence are not
taken into account [51].
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However, incorporating features that model the relationship between the target
and the rest of the sentence, like POS tags and relationships derived from syntac-
tic parsers have shown to help in this task, despite the difficulties of using these
tools in Twitter data that were described before. These features were then fed to
different classifiers, like Recurrent Neural Networks, along with the tweet’s text to
achieve acceptable results of about 65% accurracies using adapative recurrent neural
networks, but still using features that depend on the syntactical structure of the
sentences to perform the classification [52]. These results however, could be better if
the features derived from POS tags and syntactical parsers were not necessary for
the Target-dependant sentiment analysis.

Because of this, works in the field have advanced towards creating features for
targeted sentiment analysis that do no depend on syntax. Some of these works
use sentiment lexicons and include slang to infer the sentiment of sentences using
consistency relationships between expressions and optimization algorithms [53]. This
work, that tries to do a three class classification differentiating between positive,
negative and neutral tweets, shows how challenging the task of identifying polarized
expressions is, compared to infering the polarity of the expression once its known
whether it is polarized or not. They achieve an accuracy of 59% of this task of
identifying polarized tweets and about 63% accuracy in the classification of sentiment
towards targets.

The most recent works on this topic use word embeddings to model the relationship
between the different words in the sentence, and therefore solving the need to use POS
tags or syntactic parsers to infer the interaction between the target word and the rest
of the sentence. In this way the relationships between the target word and the rest
of the words in the tweet are automatically captured, without the need to manually
craft the features for the NLP model [54]. Also, these works split the sentence to
the left and to the right of the target word, and then use Long-Short-Term Memory
recurrent neural networks or Gated Neural networks to perform the classification
using the word embeddings of the two different parts of the sentence: left and right
of the target entity [55][56].

Figure 18 depicts the structure of the LSTM of one of these works. This image
shows a recurrent trend in the state of the art works for targeted sentiment analysis:
splitting the sentence between the right and left context of the target word, and
using two LSTMs, fed with the word embeddings of each word of the sentence, to
get a combined context vector and then perform the classification.

After having discussed the evolution reported from the literature about sentiment
analysis, the work whose strategy was used will be explained in detail in the following
subsection.
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Figure 18: The Target Dependent LSTM of Tang et al. In the figure it can be seen
that the sentence is split it two: the right and the left contexts of the target words,
and then the outputs of each LSTM are concatenated and fed to a softmax layer to
obtain the classification output.

4.4 Chosen solution overview and evaluation
To perform the targeted sentiment analysis on the collected Twitter data, the work
of Liu and Zhang has been chosen as a reference[57]. At the moment of inves-
tigating the different methodologies for targeted sentiment analysis, this seemed
like the work that had the best performance and that had used the most varied
datasets available for this topic, which will be described shortly. Also, this work
made its source code public, so only a few changes had to be made to this code
in order to obtain the desired sentiment labels and their confidence. The process
for adapting our tweets to the format required for this algorithm will be explained too.

The success of the previously described works, suggests that using word embed-
dings and deep neural network structures can automatically exploit the syntactic
and semantic structures without the need to handcraft the features. The work of
Liu and Zhang follows the same line of work with regards to the methodology.

The main contribution from the work of Liu and Zhang, aside from their results,
which are the best reported to date, is the modelling of the importance of each
individual word on the sentiment polarity of the sentence towards the target. The
previous neural models use different neural network structures to model the relation
between context (left or right) and target, but they don’t model the importance of
each word in the sentiment polarity.

The following example is shown in the paper to illustrate this:

"#nowplaying lady gaga - let love down"

This tweet is neutral for the target lagy gaga, where the contribution of the word love
is little, besides this word being positive. To do this, and calculate the contribution
of each word in the sentence towards the sentiment Liu and Zhang use an attention
mechanism.
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This work splits the sentence into left and right context of the target word, like
described before, and an attention mechanism [58] is applied to left and right context
to calculate the weight of each word in the sentiment towards the targeted entity,
showing that individual word contribution is highly useful for targeted sentiment
analysis. The following image, also from this paper, gives a clear example of the
attention mechanism, and the influence of the different words towards the sentiment.

Figure 19: Four examples of the contextualized attention of Liu and Zhang. The
words in bold represent the targets of the targeted sentiment analysis, and the
contribution of each word is represented by the level of gray.

From this example it can be seen that the words "most", "famous", "history", and
"xD" lead to a positive label and the word "damm" leads to a negative one.

The paper trains their LSTM and evaluates the results of the targeted sentiment
analysis using two public targeted sentiment analysis datasets, the Z dataset of [56]
and the T dataset of [55]. To train the bidirectional LSTM attention model that
will be used to classify the collected Tweets about Brexit, the Z dataset was chosen
because of the greater size of the dataset and the more similar structure the tweets in
that dataset have to ours than in the T dataset. The Z dataset is a combination of
three other datasets from the Targeted Sentiment Analysis Literature: The dataset
of [52], in which the Twitter API is queried for specific keyrwords like "bill gates",
"taylor swift", "xbox", "windows 7", "google" and then the sentiment of these tweets
towards those targets is manually labeled, conforming a dataset of more than 7000
tweets. The second part of this dataset is from the MPQA corpus [59], which has al-
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most 1500 data instances, and the corpus of [60] which has about 3300 labeled entities.

The previously described data however, does not have exactly the same format
as ours, as for us the targeted sentiment analysis is done towards the mentions in
each tweet, increasing the difficulty for various reasons. The targets of the previous
dataset, are entities that are addressed in a normal manner, and play no role in the
application. Mentions, however, can be used as a way to reply to somebody’s tweet
so that it shows up in his feed, as a way to address someone so they will read the
content of the tweet that is being posted, or used normally, in the same way as the
targets on Liu and Zhang’s work. Despite of this, without the notion of a dataset
with exactly the same format and goal that would be preferred, the Z dataset was
the one to resemble it the most, so it was adopted for this work. The following show
various examples of the tweets in this dataset:

– "lmao okay im making myself feel sick now. i did not watch never say never
and i do not love justin bieber . i just want more followers lmao". This tweet
is negative towards justin bieber

– "sky tv through xbox seems pretty good". This tweet is positive towards xbox

– "anyone out there want another contact on google wave ? trying to see how
useful this will be". This tweet is neutral towards google wave

The parameters for the Sentiment Analysis performed in this work are the following:

Parameters Value
Word dimmension 200

LSTM hidden dimmension 150
attention hidden dimension 100

dropout probability 0.5

Table 2: Hyperparameter values for the Bidirectional LSTM Attention model

Before feeding the data to the algorithm we do some light processing of the data to
make it adequate for the algorithm and for our own purposes. First we extract the
mentioned user from the Tweets text and find its index, as this index or position
of the mention within the sentence is one of the inputs to the Targeted sentiment
Analysis algorithm. Then urls are replaced by -url- and the mentions are replaced
by -user-, as done by Zhang et al. All the text is put to lowercase, and double
whitespaces are removed.

After this light pre-processing, the data is fed to the algorithm and a label (positive,
neutral or negative) is the output, along with a confidence for the prediction of that
label, ranging from 0 to 1. For the sentiment analysis improvement that will be
described in chapter 6, some of the tweets from the Brexit dataset were manually
labeled. These tweets can be used to asses the initial performance of the Sentiment
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Analysis model of Zhang and Liu straight out of the box, trained with the Z dataset,
in our Brexit data, with the mentions of each tweet as the target entities for the
targeted sentiment analysis.

For 100 Tweets of confidence 1 (the highest possible confidence value) the per-
centage of correctly labeled tweets from the sentiment analysis model, was of 85%,
showing that the tweets labeled with the highest confidence value are very accurate.
Out of the errors from these tweets 77% consisted of neutral tweets being labeled as
positive, confirming another issue with the works that include neutral tweets, which
is the hardness of the task of infering subjectivity reported by [53].

Another issue with these tweets of high confidence, is the sarcastic tweets, that
get classified by the targeted sentiment analysis as positive tweets with a confidence
of 1, but that should actually be negative. The following tweets illustrate this
behaviour:

– "So good to see @theresa_may being SO current with her choise of catchphrase...
#Simples #Brexit https://t.co/vuwk8o2jb"

– "@theresa_may just responded ’Simples’. ’Im loving it’ Brexit"

As it can be seen, it is really difficult for a sentiment analysis algorithm to detect
this sarcasm, which limits its performance in these kind of contexts.

The overall accuracy of this sentiment analysis on our data, evaluated on 1500
hand labelled tweets is of 57%. This is due to the particular structure of our targeted
sentiment analysis dataset, which uses the mentions as the targets for the targeted
sentiment analysis, with the previously mentioned difficulties. Chapter 6 will explain
various methodologies for improving this performance using information derived from
the signed graph that will be described in the next chapter.

Figure 20 shows the evolution of the accuracy as the confidence of the tweets
from the sentiment analysis increases. This figure shows the percentage of correctly
classified tweets when taking tweets only above or equal to the confidence value. For
all tweets ranging from confidence 0.5 to the maximum value (those tweets with
a confidence of 1), the percentage of correctly classified tweets is of 57%, and the
tweets sum up to an total of 1500 (all the tweets to be hand labeled where taken to
be above this confidence level). As the confidence increases the number of tweets
involved goes down at the same time that the accuracy for the left over tweets goes
up, finishing with 85% accuracy when only considering the tweets with a confidence
equal to 1.

After having discussed the difficulties of sentiment analysis on Twitter data, ex-
plained the reason behind the need to use a more complex version of sentiment
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Figure 20: Evolution of the percentage of correctly classified tweets as the confidence
of the sentiment analysis increases.

analysis than the traditional one, and seeing some of the results of applying it to our
Brexit data, how to make a Signed Graph out of this data using the aforementioned
techniques will be explained.
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5 Graph Construction and analysis
Initially, the main purpose of this work was to build a signed network from the
Twitter social application. In the previous chapter some hints have been given on
how this can be done, so in this chapter the construction of the signed graph will be
fully described, along with its parameters and different insights derived from it.

5.1 Signed graph construction
First, the procedure for constructing the signed graph will be fully explained, and
afterwards the graph will be analyzed. Two different signed graphs will be constructed,
each with a different number of nodes, and compared. The steps for building this
signed graph are the following:

1 As the initial step, the set of 835552 Tweets from the #Brexit dataset is filtered
to keep only those which have a mention (@MentionedUser) in their text and
are not retweets. This results in a set of 76404 tweets produced by 42751
different twitter users.

2 From these tweets with mentions, we keep those that have a single mention,
as the sentiment analysis algorithm described in the previous chapter is not
prepared to analyze the sentiment towards multiple targets. This leads to a
set of 41877 Tweets, produced by 28407 different users, and mentioning 15608
different Twitter accounts.

3 From these Tweets we take away those which have the mentioned target
at the end like "I think all hope is lost, time to go back and think #Brexit
@MentionedUser". For these tweets it is hard to infer the sentiment, as the
mention at the end is just used most of the time as a tag for the @MentionedUser
to read the text written by the user posting the tweet, but is not necessarily
directed towards him. After removing these tweets we are left with just below
40.000 tweets.

4 These Tweets are then fed to the Targeted Sentiment Analysis model by Liu
and Zhang described in the previous chapter, using the @MentionedUser as
the target of the sentiment analysis. In this way we can predict the sign of
the interaction between the user who is posting the tweet and the user who is
mentioned.

5 To make a robust and trustworthy graph, a certain threshold is picked, and
only the tweets that are output of the sentiment analysis with a confidence
higher than said threshold are used. This is done because there is a lot of
noise in the network due to personal messages, jokes, sarcasm, etc, so in order
to build a network structure that is robust only tweets that surpass a certain
confidence are considered.

6 Lastly, to build the signed network using the tweets filtered by the confidence,
for every tweet, if they are not already in the network, two new nodes get
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added, one representing the user that is posting the tweet, and one representing
the user that is being mentioned. The sign of the edge in between these two
nodes is chosen using the label from the sentiment analysis. If this label is
positive, then a positive edge is created in between the users, and if the label
is negative a negative edge is created. Tweets labeled as neutral are discarded.

Two different signed graphs will be built and analyzed, a graph taking only those
tweets that are classified by the targeted sentiment analysis with a confidence of 1,
which is the highest possible confidence, and a graph taking those tweets classified
with a confidence or 0.9 or more. The main difference between these graphs is the
number of nodes on each of them.

5.2 Signed graph analysis
First we will explore the graph with 0.9 confidence or more, which is the larger of
the two. This graph is made from a set of 9376 tweets coming from 7837 different
users and mentioning 4985 ones. The graph has 12564 nodes and 8931 edges. The
following table shows the main parameters of this graph. The Average degree is

Nodes 12564
Edges 8931

Average Degree 1,4217
Density 0.0001131

Table 3: Table showing the main properties of the network constructed using the
tweets with a confidence threshold of 0.9.

calculated as the number of nodes divided by the number of edges, and the Density
as the total number of edges divided by he possible edges:

k = 2E

V
(3)

d = 2E

V (V − 1) (4)

Formula (3) represents the formula for the average degree of the network, where k is
the average degree, V is the number of nodes in the network and E is the number of
edges on the network. Formula (4) is the equation for the density of the network.
The density of a network is a measure of the portion of possible ties which are present
between the members of a network. As it can be see from the very low density of
our graph, using the Twitter mentions as an interaction mechanism in between two
users to create a network leads to this network being quite sparse. This issue has
already been reported in the literature by [40].

This is mostly due to the creation of what from now on will be called hubs, created
around central users which are influential accounts inside of the Twitter network
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within the topic being discussed (#Brexit), that are recurrently being mentioned.
In graph theory, the influence of a node in a network can be infered by the degree
of the node, or the number of connections it has. The following list depicts the top
15 most influential users in this network, along with their degree, which represents
the number of connections of such node, and degree centrality, which represents the
fraction of nodes in the network that it is connected to.

Username Degree Centrality
theresa_may 314 0.0249

realDonaldTrump 180 0.0143
jeremycorbyn 154 0.0122
UK_Labour 109 0.0086
Anna_Soubry 96 0.0076
Nigel_Farage 62 0.0049
bbclaurak 51 0.00405

eucopresident 49 0.0039
BBCNews 44 0.00350
maitlis 42 0.00334
SkyNews 39 0.00310

Jacob_Rees_Mogg 37 0.00294
Keir_Starmer 37 0.00294
mrjamesob 37 0.00294

Conservatives 35 0.00278

As we can see from this list, the influential or central users of the network can be
divided into four main groups: politicians (Theresa May, Donald Trump, Jeremy Cor-
byn, Anna Soubry, Nigel Farage, Donald Tusk, Jacob Rees Mogg and Keir Starmer),
political parties (UK Labour and Conservatives) journalists and reporters (Emily
Maitilis, James O’Brien, and Laura Kuenssberg) and news sources (BBC News and
Sky News), forming a varied and heterogeneous group of accounts.

One of the key insights that can be discovered from any social network, and specially
from Twitter, are the main actors of such network. By using the degree of the nodes
in the network a pretty good idea of whom the most influential individuals in this
network are can be obtained, however for Twitter we can use some additional features
to confirm that such users are undoubtedly influential and important [21]. One of
the ways to do this is by exploiting the information available from the Twitter API
about the followers and friends of each user.

Traditionally users that are highly followed are personalities and institutions whose
influence and reputation is superior to users who subscribe to a large number of
accounts without themselves being widely followed. Users who follow a large number
of accounts but that do not have many followers, are users who use Twitter as a
monitor, without necessarily creating much content. As Kwak et al reported in [61]
Twitter is one of the most used media for news monitoring: about 85% of the Twitter
content is news related.
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Users with the opposite pattern, that is, who are followed a lot more than they follow,
are usually some kind of special personality or actor within a certain field or topic.
Most of the interactions on the network address one of these users. [21] proposes a
wide variety of metrics, aside from the centrality one that has already been discussed,
to infer the influence of a node within a Twitter network. Two of these metrics are
the Twitter Follower/Followee ratio and the Follower rank.

TFF = Followers

Followees
(5)

FRank = Followers

Followers + Followees
(6)

In the equations above TFF is the Twitter Follower/Followee ratio and FRank is
the Follower Rank. The following list shows these two metrics for the influential
users listed before, along with their followers and friends/followeers, ordered by their
degree in the network.

Username TFF FRank Followers Followees
theresa_may 29006 0.9999 841177 29

realDonaldTrump 1312633 0.9999 60381119 46
jeremycorbyn 800 0.998 1961127 2451
UK_Labour 56 0.982 676449 12008
Anna_Soubry 272 0.996 176970 649
Nigel_Farage 2828 0.9996 1312346 464
bbclaurak 665 0.9985 1000786 1503

eucopresident 2741 0.9996 1049972 383
BBCNews 98752 0.9999 9974037 101
maitlis 130 0.9923 153640 1177
SkyNews 17300452 0.9999 4991765 26

Jacob_Rees_Mogg 1787 0.99944 277093 155
Keir_Starmer 472 0.997 167583 355
mrjamesob 207 0.9951 474656 2291

Conservatives 222 0.9955 375237 1688

From this table it can be seen that the relative ratio of followers to followers and
followees represented by the FRank measure is very high for all the users in the list,
confirming that they are all accounts that are largely followed, however the TFF
varies a lot to the greater dependency it has on the number of users that are followed
by each of these accounts, which go from 29 (Theresa May) to 12008 of the UK
Labour party.

Another characteristic of the constructed network is the power-law degree distribution
that it follows. This basically means that there is a very small number of nodes
with a very large number of connections (the hub centres or influential users) and
a very large number of nodes with very little connections. Figure 21 depicts this
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Figure 21: Degree histogram of the nodes belonging to the signed graph extracted
from the Tweets with confidence higher than 0.9.

power-law in the form of a histogram representing the node degrees by their quantity.

What this figure is showing, is that there are a large number of nodes with de-
gree 1 (specifically 11045, which is 87% of the nodes in the network), 925 nodes with
degree 2, and less than 500 total nodes with degrees in between 3 and 13, and from
there, the network has a very small portion of nodes that have a very high degree (1
node with degree 314; Theresa May, 1 node with degree 180; Donald Trump, and so
on). Low density Twitter networks built around a certain topic have a large number
of nodes which lack any connections at all, called isolates, as popular topics attract
tweets that are not part of a conversation, but rather an opinion on the topic at
hand [26].
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For our network, as it is essentially built from user-user interactions, it is impossible
for any node to be un-connected. However we will extend the isolate term defined
above to all nodes that have a degree of 1 and are not connected to any of the influen-
tial targets or large connected components: that is either a user who has mentioned a
certain target who has not been mentioned by any other user, or such mentioned user.

Some other network properties are shown in the Table 4. The transitivity, which
computes the fraction of all possible triangles present within a network being so low,
means that the network can not be easily analyzed in the terms of Balance Theory to
see if the edges predicted by the sentiment analysis are correct, as it does not contain
many triangles (The network formed by these mention interactions only contains 5
Triangles). Also, the clustering coefficient is quite low, as it is closely related to the
Transitivity.

T = 3Triangles

Triads
(7)

Cu = 2T (u)
deg(u)(deg(u)− 1) (8)

Formula (7) is the equation for the transitivity of a network, represented by the
number of existing triangles out of all the triads in the network. Formula (8) represents
the clustering coefficient for node u, where T(u) are the number of triangles which
include node u, and deg(u) is the degree of node u.

Partitions 3958
Connected Components 3932

Transitivity 0.00011
Clustering Coefficient 0.000235

Table 4: Table showing more properties of the constructed signed network

Table 4 showed the number of partitions in the network, which were formed trying
to maximize the network modularity; that is, maximizing the number of connections
within each cluster while minimizing the connections in between the clusters. By
doing this we get 3958 partitions, out of which only 12 have more than 80 nodes and
3800 partitions which have less than 5 nodes. All of these 12 partitions with more
than 80 nodes contain one of the influential or highest degree nodes, and consists
on their most part of nodes with a degree of 1 that are connected to the central
user, representing individual accounts who have mentioned a well known actor of the
network, but have not interacted in any other way.

From all of this we can see that our network is a large-scale network (follows a
exponential degree distribution with many nodes having a low degree and very little
nodes having a really high degree) and has a repeated star-like network structure,
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where the influential nodes that are being mentioned the most have a lot of connec-
tions to degree 1 nodes, and nodes that do not mention one of these influential users
are sparsely distributed forming isolates. Figure 22 depicts an example of a portion
of the network.

Figure 22: Graphical representation of the network structure. We can see how some
minority of the users gather a lot of connections creating the so called stars, and
many users form a single connection either to one of the central nodes of these stars
or to some other random node.

As this figure shows, there are various star-shaped clusters, representing the main
personalities of the network, and then very many isolates, connected to one or two
other nodes. The color of the edges in the network represents the sign of such edge:
green edges represent a positive relationship between the nodes that are connected
by such edge, and red edges represent a negative relationship.

From the signs of the edges of this network, we can infer how many positive and
negative connections are made to the most influential users. The following list shows
this:
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Username Positive edges Negative edges
theresa_may 189 127

realDonaldTrump 151 29
jeremycorbyn 105 50
UK_Labour 64 45
Anna_Soubry 84 12
Nigel_Farage 43 19
bbclaurak 44 7

eucopresident 42 7
BBCNews 27 17
maitlis 32 10
SkyNews 25 14

Jacob_Rees_Mogg 28 9
Keir_Starmer 33 4
mrjamesob 35 3

Conservatives 15 20
From looking at this list, it seems like a majority of the created links are positive,
which is what normally happens in signed networks from social media. We can clearly
see this, as out of all the top 15 users, only one (Conservatives) has more negative
links than positive links. Also, it could be possible that the Targeted Sentiment
Analysis is biased towards predicting positive edges in between targets. This could be
due to the algorithm classifying neutral tweets as positive, like it was explained in the
previous chapter, and the also previously mentioned difficulty of sentiment analysis
on Twitter data. In the network there are 7624 positive edges and 1307 negative
ones, which account for 15% of the total edges, showing the higher tendency of links
to be positive rather than negative. In the next chapter a method to increase the
performance of the sentiment analysis in order to get a more accurate estimate of the
aggregated feeling towards the important personalities will be described and evaluated.

After having described this network, the same parameters for the network but
with just the tweets being labeled with a confidence of 1 will be exposed, and then
some further insights into these kind of networks will be discussed.

For this graph, made with only the Tweets labeled as positive or negative with
a confidence of 1 the parameters are presented in Table 5. After filtering the Tweets
to keep only those with a confidence of 1, we are left with 1391 different Tweets
made by 1286 different users with 1052 different mentions.

This graph, because of the limited number of Tweets it uses, presents a slightly
different set of central users than the graph constructed from the tweets with 0.9
confidence, however most users in this Top 15 remain the same. We take as more
valid the user set from the initial graph (0.9 confidence graph) as it includes more
tweets, and more opinions, and despite of the opinions of this graph being labeled
with less confidence, the same targets would have been mentioned independently of
the label, so it better reflects which are the important users of the network. As more
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Nodes 2331
Edges 1363

Average Degree 1,1695
Density 0.000502

Table 5: Table showing the main properties of the network constructed using the
tweets with a confidence of 1.

and more tweets get added, the more sure we can be that the nodes with the highest
number of connections are actually the most influential users. The following list
shows who are the 15 users with the highest degree in this network, along with their
Twitter Follower/Followee ration and their FollowerRank, and with their number of
followers and followees, ordered by their degree.

Username TFF FRank Followers Followees
theresa_may 29006 0.9999 841177 29
Anna_Soubry 272 0.996 176970 649

realDonaldTrump 1312633 0.9999 60381119 46
jamesAcaster 151 0.993 351872 2325
jeremycorbyn 800 0.998 1961127 2451
jessphillips 75 0.986 200431 2642

EuAvObservatory 68 0.985 2817 41
DGrylls4 5 0.986 552 109

TheRogueEnergy 37 0.974 34064 908
OttawaMommyClub 3 0.74 21653 7358

UK_Labour 56 0.982 676449 12008
ByDonkeys - 1 208718 0

RedLetterDaysUK 6 0.849 28007 4977
mrjamesob 207 0.9951 474656 2291
POTUS 662737 0.99 25846746 39

By observing this table it can be seen why some of the users that are included in it
drop out when making the same list using more tweets. The user EUAvObservatory
has a very small number of followers compared to some of the accounts belonging to
real influential users, and so does the user DGrylls4. The user OttawaMommyClub
has a decent enough amount of followers (altough far less than the users with the
most followers of this list), however, the TFF is very low, suggesting that this amount
of followers is a consequence of the high number of accounts that the user follows.
Something similar, but to a lesser degree happens with the user RedLetterDaysUK.

Table 6 shows the rest of the parameters for the network constructed with only
those tweets with the highest possible confidence The transitivity and the clustering
coefficient were not included, as they reported insignificantly small values. It shows
how the number of partitions is equal to the number of connected components. Out
of these, only 12 partitions/connected components have more than 10 nodes, and
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Partitions 972
Connected Components 972

Table 6: Table showing more properties of the constructed signed network with
confidence 1

they are all star-like clusters with one of the most influential nodes in the middle.
In this graph there are 1254 positive edges and 109 negative ones, which make up
to 8% of the edges in the network. Figure 23 depicts a graphical representation of
this network, where the green lines represent positive edges in between the nodes,
and the red lines represent negative edges in between them (the previous network of
0.9 or above confidence was not plotted because it is very challenging to get a neat
representation of a network with so many nodes). It can be observed how there are a
large amount of node pairs or isolates, that surround start like structures of groups
of connected nodes. If we remove these isolates to be able to get a cleaner look of
the biggest clusters, the graph looks like in Figure 24.

From this figure it is easier to observe the star like structure from our graphs.
After taking at look at this structure, and exploring the different parameters of the
graph derived from tweets of confidence 1, some common characteristics to all the
graphs of this sort will be explained.

The first one is the reason for the low density of these kind of graphs. As it was
mentioned before, networks derived from Twitter, and specially those constructed
from interactions and not from follower relationships, generally contain hubs which
are order of magnitudes larger in degree than the rest of the nodes.

When increasing the tweets that these networks are formed from, and therefore
the number of involved users, the number of nodes and edges in the network tends
to grow linearly, however the number of possible connections in the network grows
quadratically with the number edges, leading to a reduced density as the number of
nodes gets increased. This is true for almost every social network, not just Twitter.

Figure 25 shows the evolution of the graph density as more nodes (tweets) are
added to the graph by decreasing the confidence threshold. As it can be seen from
this image, starting at the least number of possible nodes (which corresponds to only
taking those tweets with a confidence of 1) and gradually increasing the number of
nodes (decreasing the confidence) the density of the graph decreases as described
before.

The other characteristic that will be described is the preferential attachment phe-
nomenon that happens in these kind of graphs. Preferential Attachment expresses the
tendency for nodes that are already central in the network to gain more connections
at a greater rate than those whic are not. For our network this would mean that
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Figure 23: Graphical representation of the network built with tweets of confidence 1
using a force-directed plotting algorithm.

as more nodes get added, there is a higher chance of those nodes to be connected
to one of the largest components or hubs, than connecting to a small component or
creating a new isolate.

From the Twitter application point of view this would mean that as more tweets
are produced, they are more likely to be mentioning one of the top users from the
#Brexit topic, than to be mentioning some other random user. The following figure
confirms this behaviour in the signed mentions network: as we add more nodes to the
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Figure 24: Graphical representation of the network built with tweets of confidence 1
using a force-directed plotting algorithm taking away the connected components of
size less than 3 nodes. In this figure the star-like structure of the largest connected
components of our graph can be clearly observed.

network in the same way that it was done for the previous figure, the percentage of
network nodes that are attached to one of the top 15 highest degree users increases.
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Figure 25: Graph showing the evolution of the density of the graph as more nodes
are added to the network.

Figure 26: Plot showing the increase of the percentage of nodes that are attached to
the largest connected components. phenomenon.

After having described the process of making the graph and acquired some in-
sights about its structure and properties, we will explore how using graphs like these,
the performance of the Targeted Sentiment Analysis described in Chapter 4 can be
increased by taking using the social relationships embedded in these kind of graphs,
and including new kinds of relationships intrinsic to the Twitter network.
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6 Sentiment Enhancement using the Signed Graph
In this section we will address the problem of enhancing the performance of the
sentiment analysis classifier by using information coming from the various graphs
that can be made with the data that is available. In this way we can not only infer
more precisely the sentiment of the tweets towards a certain target, but we could also
make a more robust graph as more users would get added by having their sentiment
confidence increased.

6.1 Introduction and influencing works
For this task, the contributions from three main papers, briefly mentioned in Chapter
2 were used. The first of these works is the work by West et al [36]. This work uses
Sentiment Analysis, along with Social Balance Theory to predict the signed edges
on the Wikipedia admins network dataset. For a person to become a Wikepedia
administrator (the people who check that the editions to the content are legitimate
and correct) a request for adminship (RFA) must be created, and any Wikipepdia
member can cast a supporting, opposing or neutral vote towards such request. These
interactions induce a signed network in which the nodes represent Wikipedia members
and the edges represent the votes (positive edge for supporting request vote and
negative edge for an opposing vote). In addition to the vote itself, the members can
post a short comment explaining the reason of such vote. Using this text, the power
of Sentiment Analysis will be used to leverage edge sign, together with the edges
created by the different votes.

The problem is formulated as a network G = (V, E, x), where the vertices V
represent the Wikipedia members, the edges E the relationships in between them,
and the sign vector x the polarity of the edges. The structure of this network (V
and E) is assumed to be fully observed, whereas x is not completely known. Also, a
sentiment model that outputs for each edge e a label and a confidence pe in such
label is assumed. The task then, is to predict the sign of the unobserved edges based
on this information, so that the new signs agree with the results of the sentiment
analysis and with the results obtained to applying balance theory on those triads
for which there are 2 known signs. As it is not always possible to achieve this, a
compromise between predicted edge signs by sentiment analysis and by balance
theory has to be found. This is defined as a combinatorial optimization problem
that seeks to reduce the cost or error derived from both NLP edge predictions and
triangle costs. The mathematical description of this problem is the following:

where x* are the predicted edges, the first term of the formula is the cost corre-
sponding to how much the sign of an edge xe deviates from the probability of the
sentiment model predicted for that edge, pe and the second term represents the
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number unbalanced triads xt present in the network. One key takeaway from this
work is that it divides the confidence range pe into a series of bins, and assigns a
different weight for each bin, in order to obtain a solution that doesn’t penalize
equally those predictions which are not very confident and those who are. This
insight will later be used for our heuristic approach for enhancing the sentiment
analysis. The next image depicts a perfect example of the intuition behind this
work. While the three triads on the left part of the image correspond to a normal

Figure 27: Predictions using Balance Theory (left) and sentiment analysis (right) of
the darkened edges

edge prediction using balance theory, the right part of the image contains some very
illustrative examples of the power of combining both Balance Theory and Sentiment
Analysis. The darkened edge with the question mark to the left, if only sentiment
analysis was used by looking at the text embedded in that interaction "You’re one
crazy mofo!", would seem negative. However, a negative edge would violate balance
for both of the triads included in the image, so using the confidence of the sentiment
analysis and the number of violated triads this edge would be labeled as positive.
For the triad on the far right, knowing only one positive edge, balance theory can
not be used to predict the other 2, as there is not enough information. Also, the
phrase "To whom it may concern" does not carry a clear sentiment. However, the
other sentence "Love u! :)" expresses a positive sentiment, and therefore if the edge
corresponding to that interaction was positive, it would mean that for the triad to
be balanced the bottom edge would also have to be positive, infering the interaction
"To whom it may concern" as a positive interaction.

The results are evaluated by removing certain edges from the network and pre-
dicting their sign using the aforementioned technique, and show a considerable
increase in the edge prediction using it in relation to the individual network theory
or sentiment analysis.

The second work to influence this enhancement is [37]. This work, like ours, was car-
ried out in Twitter data, and builds a dataset for political topics (specifically the 2012
American presidential elections). For each tweet, much like this work, it performs
sentiment analysis, but using standard NLP features (not word embeddings) and
Support Vector Machines. There is some very heavy initial preprocessing to remove
URLs, hashtags, replace user mention by defined patterns, normalize slang words and
correct spelling mistakes. Also, a lot of different features are used, like N-grams, POS
tags, word clustering, and syntactic parsing relationships. By doing all this, and opti-



51

mizing their sentiment model to the maximum, they are able to achieve an accuracy of
just under 80% on some labeled tweets by just using the sentiment analysis. As high
as this accuracy might seem, the heavy previous work to the SA has to be taken into
account, and also the fact that it is straightforward sentiment analysis, and not the
targeted variation that this work needs to use. Also, they focus on a binary classifi-
cation problem, not taking into account that the tweets can show a neutral sentiment.

For further improvement of these metrics, the authors assume some hypothesis
derived from social cognitive theories, and translate them to their practical imple-
mentations. These assumptions are:

– The sentiment for a particular target is globally consistent across users because
of the target’s stance on some particular issue.

– The sentiment for a particular target is globally consistent when he or she is
compared with another particular target

– One user’s sentiment toward one target or his/her stance on one issue tends
to be consistent during a short period of time.

Out of these three, the hypothesis which is particularly relevant to this work is
the first one. After seeing the star structure of the graph that was described in the
previous chapter, It was clear that one of the most evident tasks that these kind
of graphs could be used for is determining the aggregate feeling of the users of the
network towards another specific user who is some kind of influential or important
person in the topic that is being discussed. This hypothesis assumes that a certain
target (the mentioned user in this work) issue (collected hashtag, which for this work
is #Brexit) pair are consistently associated with a particular sentiment across most
users. This means that given one of the relevant personalities of our dataset (one
of the users associated with the nodes with the highest degree from the graph), the
sentiment towards them for the topic #Brexit will be consistent for most of the users
that are mentioning them.

In the paper this is reflected in the following manner: Tweets for a certain topic
(hashtag) are collected, specifically for the 2012 American presidential elections. This
tweets are noisily labeled by using hashtags like #Obama2012 or #GOP2012 for
the positive labels and #Obamafail or #GOPfail for the negative labels. Sentiment
Analysis using Support Vector Machines is used to asses the performance of using
only the NLP approach by splitting the obtained data into training and test data.
Then, for each unique target/issue pair in the training data, the number of positive
and negative instances are counted, and a confidence is calculated using the following
formula:

c = max(fp, fn)
fp + fn

(9)

where c is the confidence, fp are the positive instances and fn are the negative
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instances. If this confidence is above a certain threshold (0.8 in the paper) the target
is assumed to have a strong general overall feeling, and then in compliance with the
previously discussed hypothesis, all of the tweets for that target get relabeled to
the strongest sentiment. To illustrate this procedure at work, consider the following
Tweets:

1 #Obama rebuilding America using Chinese workers! http://t.co/Pk4HvtL

2 But we had to rush #Obamacare thru? In the pipeline? Obama has it both
ways on a controversial plan http://t.co/rb65LIx3

3 Small business owners confirm #Obamacare is a job killer: http://t.co/If7yNqVo

The sentiment analysis approach missclassified the first tweet as positive, but correctly
classified the other two as negative with high confidence. As the target topic (Obama
related Tweets in this case) has an overall negative feeling higher than the threshold,
using the relabeling approach the first tweet was correctly re-classified as negative.
For this work, a similar approach has been taken, using an overall global sentiment
for each of the influential users of our dataset, however, the strategy implemented
does not re-classify all the tweets to the most frequent sentiment label, but rather
shift the sentiment output of the NLP sentiment analysis towards this most frequent
sentiment. This approach will be fully explained after discussing the third work that
served as an inspiration for this part of the project.

This last work is [38], which improves sentiment analysis by using information
extracted from social relationships. This paper enhances the results of sentiment
analysis on Twitter data using the relationships embedded in the Twitter follower
network of the collected data. In this work tweets for 5 different topics (Obama,
Lakers, Fox News, Sarah Palin and Glenn Beck) are collected and analyzed. Also,
for each of the topics (the topics are identified by collecting tweets containing certain
words) the follower/followee network of the users involved on that topic is built. The
authors first engage in a small investigation to see if the social relationships and
the sentiment labels towards a certain topic follow any kind of correlation. Their
results show that the probability of two connected users sharing the same sentiment
for a concrete topic is much higher than chance, and also that two users are more
likely to be connected if the share an opinion (sentiment) on a topic than if they don’t.

After this, for each new tweet on a certain topic, the probability of the each label
(positive or negative) is calculated taking into account the output of the sentiment
analysis and the sentiment labels of the neighboring nodes (followers and friends) of
the user producing the tweet within the social network. For estimating the weights of
each of the components of this probability two approaches are taken: first a heuristic
approach using some pre-labeled data, and the second way is by applying Sample-rank
in a semi-supervised setting, which is an algorithm for estimating parameters in
complex graph models [62]. Their approach achieves better performance than the
baseline NLP labeling, showing that social relationships can improve the performance
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of the sentiment analysis when it doesn’t achieve very good performance because of a)
the amount of available data, b) the characteristics of this data, or c) the complexity
of the task. The main takeaways from this work are that social structures can help
overcome the poorness of textual information coming from short tweets, and also the
lack of a large amount of labeled data.

6.2 Proposed Methodologies
After having discussed these three papers, it is time to fully explain our approach,
how it is similar to these previous works, but also where it differs from them. The
goal of this approach, following the line of the previously exposed works is to improve
the sentiment analysis performed on the tweets using additional information obtained
from social graphs. Our approach is different from the previous ones, despite being
inspired by them because of the following reasons:

1 First, the sentiment analysis performed is not normal topic sentiment analysis,
but targeted sentiment analysis, which is a harder task and therefore doesn’t
achieve as good results as the straightforward sentiment analysis performed in
the previous papers. Also, using a Twitter mention as the target of the targeted
sentiment analysis adds an extra difficulty, as it was noted previously in the
targeted sentiment analysis chapter. Furthermore, our work takes into account
the existence of neutral tweets, which don’t show any sentiment towards the
target, rather than focusing only on a binary classification problem between
positive and negative.

2 Secondly, the structure of our graph is different from the structure of the graphs
in the previous works. Our graph has a different star-like, mostly disconnected
clustered structure, as it represents a mentions graph, where very few influential
users are being mentioned most of the time. The graphs in the previous works
are follower graphs, or graphs taken from other contexts, which makes their
structure different.

3 Third and last, despite the varied amount of contributions that each of these
works make, only some parts of each of the previous works have been chosen
to take part in this one, as some of them fit our interests more than others.

Two different approaches have been taken to improve the performance of the Sentiment
analysis: a heuristic approach, using some of the elements from the previous papers,
and a Machine Learning approach, using the output of the sentiment analysis and
features extracted from the signed graph. First the heuristic approach will be
discussed.

6.2.1 Heuristic Approach - Global Sentiment

The goal of both approaches is to enhance the performance of the sentiment analysis
towards the important personalities within the #Brexit Twitter topic. The important
personalities are the users identified in the previous chapter, extracted from the
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Figure 28: Some of the Twitter accounts of the most influential users on the graph

graph made with a confidence threshold of 0.9. This list of users is compromised
of polititians (Theresa May, Nigel Farage, Jeremy Corbyn, Donald Trump, Donald
Tusk, Keir Starmer), journalists (Emily Matilis, James O’Brien), accounts from News
Sources (SkyNews, BBCNews), and accounts from Political Parties (UKLabour,
Conservatives), consisting on a varied and rich set of users who have been frequently
mentioned on the #Brexit topic.

For each of these users 100 Tweets which mentioned them were labeled, having
a total count of 1500 labeled tweets. Then, half of these tweets were used to obtain
a global sentiment value, in the manner shown in Formula (9) and half of them were
used to test the proposed heuristic. Similarly to [37], if this global sentiment value
is above a certain threshold, we use it to assist the classification, but unlike this
work, we do not change every tweet to the most frequent sign, but rather use this
sentiment value together with the output of the sentiment analysis (confidence and
label) to produce a new label for each tweet.

To do this, we first calculate a score using a weighted version of the sentiment,
where the weight depends on the confidence of the classification from the sentiment
analysis, and the global sentiment feeling towards the target calculated using 50
labeled tweets that are different from the tweets used to asses the performance of
the approach. The mathematical representation of this would be:

S = W (cf) · Se + Gs (10)

where S is the calculated score, W(cf) is the weight which depends on the
confidence of the sentiment analysis, and Gs is the global score calculated using (9)
but with a sign dependent on which label is more frequent for the target: if positive is
the most frequent label then Gs will be positive, and if negative is the most frequent
label for the user then Gs will be negative. As for the weight W, the following table
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shows its values depending on the confidence of the Sentiment Analysis: For Tweets
with a high confidence (Cf = 1) of the opposite sign of that of the global sentiment,
a very high weight is used, so that even if the score of those tweets gets shifted down
by the global sentiment, they will be still recognized as having the initial sentiment.

Table 7: Table showing the different weights given to the sentiment analysis depending
on the confidence of such analysis.

Weight Confidence Sign(label) = Sign(Gs)
2 1 No
1 1 Yes

0.75 [0.9,1) -
0.5 [0.5,0.9) -
0.25 <0.5 -

This is one of the elements that [37] is missing: by classifying every tweet to the
sentiment of the most frequent label if this global score is above a certain threshold,
it misses out on strong supporters of people who are badly regarded, and on haters
or people that don’t agree with users that are highly regarded, miss-classifying the
tweets of such users.

Consider the following Tweets:

1 Against so many in Labour Party itself and pretty much ALL of the mass media
@jeremycorbyn has stood firm as a magnificent. leader...#JC4PM

2 When Corbyn did put forward a motion for a #PeoplesVote on January 29th
2019 @Anna_Soubry voted against it!!!! Hypocritical, undemocratic, homophobe
and racist appeaser!! By election now!!

The first tweet is labeled as positive towards @jeremycorbyn by the sentiment analysis
with a confidence of 1. @jeremycorbyn however, using the 50 tweets labeled to extract
the global sentiment, has a negative overall score of 0.75 out of 1. As this score
surpasses the threshold used in this work to asses if there is a strong feeling towards
a certain target (this threshold, set at 0.7, will be explained shortly), this tweet
would have incorrectly been missclasified as negative. Using our heuristics it stays
positive while other positive tweets with less confidence get correctly reclassified as
negative, like it will be shown later. In a similar manner, tweet number 2, directed
towards @Anna_Soubry is labeled as negative with a confidence of 1 towards such
user. Anna Sourbry however, has a positive overall sentiment value of 0.73 out of 1.
Therefore, this tweet would have been incorrectly classified as positive.

For all the other tweets, this weight decreases as the confidence of the sentiment
analysis does. After calculating this score for the 50 test tweets for every influential
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user, it is evaluated, and if it is above or below an experimentally set threshold, the
tweet is classified as positive or negative, otherwise the tweet is classified as neutral.
In a simple manner, what this heuristic is doing, similarly to [37] is relabeling tweets
targeting a certain user in a user/topic framework towards the most frequent sign
for said user. In our case, however, not all the tweets are relabeled, as some tweets
with high confidence and opposite sign of the most frequent label stay with their
initial label, tweets with confidences that are not too low can get their sign toggled
or re-classified as neutral, and tweets with low confidence of the opposite sign to
the most frequent label get re-classified to such label. Tweets of the same sign as
the most frequent label always stay with that label. The reason as for the values
of the weights and these thresholds will be described after the algorithms are explained.

The following tweets show some examples of this behaviour:

1 INSIGHTFUL point by @Jacob_Rees_Mogg So much for the House of Com-
mons representing the will of the voters. Too many are focused on corporate
interests, but if MPs have integrity they will have to allow the No Deal Brexit
now! exitVote #NoDealBrexit

2 The way it looks right now that’ll probably need a permission slip from the
#Brussels? They’ve been sold out by @theresa_may #Brexit

3 I could not agree more with @Anna_Soubry hear bloody hear! #BrexitShambles
#Remain #PeopleVote

4 yes, but with @jeremycorbyn I fear we are sunk. Young people will not forgive
#Brexit

Tweet number 1 is another example of what has already been shown before: A Tweet
with a high positive confidence, for a target with a negative overall global sentiment
(Jacob Rees Mogg has an overall negative sentiment of 0.74 out of 1), stays positive
because of the very high confidence output of the sentiment analysis.

The output of the sentiment analysis for Tweet 2 is positive with a small confi-
dence (0.653). Using the global score of negative 0.81 that Theresa May has, this
tweet gets correctly re-classified to negative.

Tweet 3 has a negative label output from the sentiment analysis with confidence
0.52. As the overall sentiment towards Anna Sourbry is positive of score 0.73, it gets
correctly re-classified as positive.

Lastly, tweet number 4 gets initially classified as negative with a confidence of
0.6 towards Jeremy Corbyn. The ground truth for this tweet is negative. Taking
into account the negative global sentiment towards this user, this tweet does not
get re-classified, but rather the confidence that is negative gets increased, adding
the negative value of the global score to the negative output of the sentiment analysis.
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For the users whose global sentiment does not surpass the set threshold of 0.7
(4 out of 15 in our data) this heuristic is not used, and the assigned label is the label
given by the sentiment analysis. The following table compares the results obtained
from the individual sentiment analysis, the work of Li et al, and our approach in
the 750 test tweets: As it can be seen, both the proposed algorithm of Li et al,

Sentiment Analysis 57%
Li et al 65%

Global Sentiment 67%

Table 8: Table comparing the accuracy on the test data of each of the different
approaches discussed to this point

and our approach improve the performance of just the sentiment analysis. Also our
approach achieves a slight performance increase over Li et al, and appart from this,
it maintains some of the data integrity by not re-classifying every tweet towards a
specific target to the same sentiment label. Next we will discuss the following part
of our heursitic approach individually, before detailing the combination of both and
exploring the results.

6.2.2 Heuristic Approach - Relationships

This part of the approach is inspired by [38]. In this paper, which was previously
described, social relationships are used to improve the performance of sentiment
analysis on Twitter data. This work doesn’t use a signed graph where the edges
represent relationships between users, but rather a follower/followee graph, where
an attribute of each node is their sentiment toward a specific topic. It performs
Sentiment Analysis using SVMs, altough it does not give any details of their NLP
approach. The motivating intuition behind this work is that "connected" users will
tend to hold a similar opinion with regards to a certain topic.

As our goal is to improve the sentiment classification towards influential users,
and acknowledging the star-like structure of our graph, some tough had to be put
into how to incorporate an insight like this one to this work. The task here would be
to gather users from the dataset that have mentioned one of the influential accounts
that are being analyzed so that those gathered users would have a high probability
of being followed by other users mentioning the same influential accounts. After
considering the available data, and reading some works on Twitter user filtering like
[63] the following procedure was decided:

1 First the users of the dataset were filtered to keep only those whose Twitter
description contained words such as Brexit, brexit, politics, journalism, news,
and more. The Twitter description or biography is a short text associated with
the Twitter account which describes such account.
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2 Then from these users all those with less than 2000 followers were discarded,
keeping only those with a large sum of followers to maximize the chance that a
new user would follow them.

3 Lastly, out of these users, only the ones who had tweets mentioning one of the
15 influential accounts which are being analyzed were kept.

This led to a collection of 314 Tweets, created by 127 different Twitter accounts.
All these Tweets were then hand labeled to asses the sentiment of each of these
gold users towards the central user that they are mentioning. The following image
shows some of the accounts of these gold users, along with their description. Now,

Figure 29: Twitter Profile of three of the accounts included in the gold user set, along
with their number of followers.

for every one of these gold users we know the influential user or users that he has
mentioned and their sentiment towards them. For every tweet towards one of these
influential users, we will see if the user who posted such tweet follows any of the
gold users who have mentioned the same influential user, and if so, the score of the
new tweet will be affected, shifting the weighted score from the sentiment analysis
towards the sign of the feeling of the gold user that is being followed towards the target.

Sometimes, the user who is making the new tweet follows various of the gold users
for the mentioned target. If so, the sentiment scores (positive or negative) of all the
gold users that the new tweeting user follows are added, and the final relationship
sentiment will be either positive or negative depending on this sum. If the new user
follows the same number of gold users with positive feeling towards the central as
the gold users with negative feeling towards the same target then the sentiment
analysis score will not be affected by the relationships of the user. Figure 30 depicts
a diagram of this procedure:

This diagram starts with the following tweet by the user @Santilespr : "@theresa_may
and Parliament’s biggest mistake - triggering #A50 - laid bare", which is classified as
positive by the sentiment analysis with a confidence of 0.626, while the ground truth
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Figure 30: Diagram showig the relations between a new tweeing user @Santilespr,
two users from the gold user set @thomasbrake and @WillBlackWriter, and a central
user @theresa_may

is a negative sentiment towards Theresa May. From the set of gold users who have
mentioned Theresa May, the new tweeting user @Santilespr, follows 2: @thomasbrake
and @WillBlackWriter, both of whom have a negative sentiment towards Theresa
May (obtained from labelling the tweets produced by the gold users), represented by
the red connections from these users towards her in the diagram.

Using the weighted score from the sentiment analysis in function of the confidence
like in the previous section, and the overall relationship sentiment of the gold users
who are followed by the tweeting user towards the target entity we arrive at the
following formula:

S = W (cf) · Se + Re (11)

where all the terms are the same as in formula (10) except the Global Sentiment
term, which has been replaced by a relationship term which acts in the same way,
shifting the results from the sentiment analysis towards the aggregated feeling of the
users from the gold set who the new tweeting user follows. The term Re derived
from the relationships of the user can take the values -1 if the agreggated feeling
of the gold users is negative, 1 if its positive and 0 if the tweeting user does not
follow any gold users who have mentioned the target of the tweet or if he follows the
same number of users with a positive feeling towards that target than users with a
negative feeling towards it.

Like in the previous subsection, after this score is calculated, we proceed to evaluate
if its above the positive threshold or bellow the negative one to infer if the final
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sentiment of the tweeting user is positive, negative or neutral to the target entity,
taking into account the sentiment analysis and the relationships embedded in the
Twitter follower network. For the example shown in the above figure, the tweet gets
correctly re-classified to negative and therefore a negative connection is constructed
between the user @Santilespr and Theresa May. The following image depicts the
final result of this process, resulting in the creation of a negative link in between
them. In a similar manner to how it was done in the previous subsection, if the

Figure 31: Diagram showing the relation new relationship made by the user @San-
tilespr to the central user @theresa_may by using the follower/followee relationships
with two users from the gold set.

tweet in question that is being analyzed has a very strong confidence on the sign
of its prediction from the sentiment analysis, even if the user who made such tweet
follows various users from the gold set who have the opposite sentiment from the
NLP approach, the Sentiment Analysis will prevail. However, in the case of the
relationships, this situation is not very frequent, as reported by [38] users who fol-
low each other actually tend to have the same view on the topic that is being discussed.

For the 750 Tweets of our test dataset, produced by 621 different users, 26% percent
of these users (whose tweets all mentioned one of the top 15 most influential users)
followed some user belonging to the gold user set who has mentioned the same central
user as them. Out of these Tweets from users who followed someone in the gold set
mentioning the same target 82% had the same ground truth label as the sentiment
from the gold user, 15% of them were labeled neutral while the user from the gold
set had a positive or negative sentiment towards the target and only 3% of them had
a different ground truth label to the sentiment of the gold user.
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Figure 32: Graph showing the percentages mentioned in the lines above. Out of all
the test tweets 26% are tweeted by a user who follows a gold user who has mentioned
the same target as them. Out of these tweets 82% share the same label wit the gold
user, 15% are neutral and therefore can’t agree with the labels from the gold users,
which are only positive or negative, and 3% disagree.

This confirms what has previously demonstrated in [38]: the probability of two
connected users sharing sentiment is a lot higher than chance, therefore making this
approach evidently useful in networks where we want to infer the sentiment of a user
towards a topic or towards another user, and know the opinions of some of the users
he follows towards that same topic or user.

The following table compares the results of the sentiment analysis, the classifi-
cation using the global score, and the classification using the relationships:

Sentiment Analysis 57%
Global Sentiment 67%

Relationship 62%

Table 9: Table comparing the accuracy on the test data of each of the different
individual approaches proposed in this paper and the baseline sentiment analysis

The Global Sentiment approach seems to perform better on the test data than the
relationship approach, although this approach still improves the results from just
the sentiment analysis, but by a smaller margin. This is probably due to the fact
that the global score heuristic affects every tweet targeting a specific user if the
global sentiment is above the threshold (in our dataset for 15 central users 11 got
affected by the global sentiment heuristic approach which accounts 73% of the tweets
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towards these targets), however as we have seen before, the tweeting user-gold user
relationships only affect about 1 out of every 4 users, so the effect of the relationship
is not as pronounced. In the following subsection the combination of both approaches
will be discussed.

6.2.3 Heuristic Approach - Combination of Global Sentiment and Rela-
tionships

After explaining each approach separately and comparing their individual perfor-
mances, we will proceed to evaluate how they perform when used in combination. The
reasoning and procedures for each of the parts (Global Sentiment and Relationships)
apply in the same way in the combined approach as they did individually, making
the same assumptions.

For the global sentiment we proceed as before, we calculate it in the same way
with formula (9), and if it is above the threshold, we use to it to influence the
classification. For the relationships, exactly the same procedure as before is used:
for every tweet towards one of the main personalities, we see if the tweeting user
follows any of the users from the gold set who have mentioned the same important
personality. If so, the score of that tweet will be affected by the sentiment of the
users of the gold set who the tweeting user follows towards the influential target.
This time the equation defining the heuristic would be a combination of formulas
(10) and (11):

S = W (cf) · Se + Gs + Re (12)
All the terms from this equations have been previously discussed, so they will not
be explained again. The weights for the sentiment analysis are maintained. The
following table shows the results for all of the previous considered approaches on our
test data:

Sentiment Analysis 57%
Global Sentiment 67%

Relationship 62%
Both 67%

Table 10: Table comparing the accuracy on the test data of each of the different
approaches discussed of this work, individually and combined, against the baseline
Sentiment Analysis

As it can be seen from this table, both individual approaches enhance the performance
of the sentiment analysis. Also, this table shows that using the combined approach
has the same results as using the best of the two approaches (The global sentiment)
individually. This can be explained by the fact that most tweets which have the
same sentiment towards one of the influential targets as the global sentiment will
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have already probably been correctly re-classified by the global sentiment if they
had initially been missclassified by the sentiment analysis. The users producing
those tweets, taking into account the principle expressed in [38], that two users are
more likely to follow each other if they share the same feeling towards a target/topic,
will then probably follow a user from the gold set with the same feeling towards
the target mention, and therefore push the score of those tweets even more towards
the sentiment that is more common for that target, but not re-classify them. This
confirms the findings that two users with same opinion on a topic are more likely to
follow each other, and that two users who follow each other are more likely to have
the same opinion on a topic than if they did not share a relationship in the network.

6.2.4 Heuristic approach - Weight and Threshold explanation

The goal of this heuristic approach is to do something similar to [37], but in a
less drastic way, while also incorporating relationship information like in [38]. As
mentioned earlier, the full relabeling of tweets towards an individual if the aggregated
sentiment of the tweets in the training set was above a certain threshold performed
in this paper, leaves out any opinion that is contrary to the general belief. Also [37]
does not take into account the existence of neutral tweets. Inspired by [36], the idea
of giving different weights to the sentiment analysis depending on the confidence
of it’s classification was obtained. The established weights and thresholds for the
heuristic approach were set taking into account these two factors (tweets with high
confidence and label opposite to that of the global sentiment, and neutral tweets), in
order for the algorithm to be able to keep and correctly classify these two types of
tweet instances and achieve the highest possible accuracy.

First of all, [37] uses 0.8 as a threshold to relabel all the tweets to the label of
the most frequent sentiment. This project relaxes that threshold to 0.7 so that more
tweets get affected by this heuristic, taking into account that if almost 3/4 of the
training tweets towards one specific user report a certain polarity label, then it is
enough to infer that the global sentiment towards that user has said polarity, and
also that with the previous considerations not all tweets will be relabeled. This is
the threshold that is used for deciding if the global sentiment score will be used to
assist the classification of the Sentiment analysis, and must not be confused with
the positive and negative thresholds described in the following lines, that serve the
purpose of classifying tweets with scores above or bellow them as positive, negative
or neutral. This global sentiment threshold was set to such value by calculating the
global sentiment scores for each of the influential users of our dataset, and investi-
gating if incorporating such global score to the sentiment analysis would improve
the classification or not. Figure 33 shows the global sentiment score calculated using
the 50 training tweets, for most of the influential users in our dataset, where the red
bars signify that this score is negative and the green bars that it is positive.

For every user with a global score greater than 0.7 (Anna Sourbry is the closest
one wit a positive score of 0.707) the classification improved when incorporating
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Figure 33: Global Sentiment Score for some of the users of our dataset. The red bars
represent this score is negative and the green bars represent this score is positive.

the global sentiment. However, some users with scores under this threshold (Keir
Starmer, Donald Tusk, UKLabour) the classification actually became worse if the
global sentiment was incorporated, indicating that the shift towards a specific senti-
ment that incorporating the global score creates is not beneficial if the user does not
have a heavy general opinion of such given sentiment. Because of this, the Global
Sentiment Threshold, to decide whether or not to incorporate the global sentiment
score to the sentiment analyis was set at 0.7.

As mentioned previously, to keep the first type of tweets (those that have a strong
feeling of the opposite sign to the global sentiment) the weight for the sentiment
analysis term for these tweets is set to a high value, in order to overcome the push
or shift of the tweet’s score to the direction of the global sentiment.

The rest of the weights and score thresholds are set in order to keep some neu-
tral tweets, and not relabel all the tweets that are not included in the first category,
or that already have such label to the most frequent label in order to maximize the
accuracy of the algorithm.

The score thresholds are set in such a way that if the global sentiment is posi-
tive, if the score is greater than 0.2 then the assigned label is positive, and if the
global score is negative and the score is smaller than -0,2 then the label is negative.
For the first case, the negative threshold is set at -1, to allow tweets in between
0.2 and negative 1 to be classified as neutral, and for the second case the positive
threshold is set at 1 to allow any tweet with a score value between -0.2 and 1 to be
classified as neutral. The classification rule is described in figure 34.
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Table 11: Table showing the different weights given to the sentiment analysis de-
pending on the confidence of such analysis.

Weight Confidence Sign(label) = Sign(Gs)
2 1 No
1 1 Yes

0.75 [0.9,1) -
0.5 [0.5,0.9) -
0.25 <0.5 -

Figure 34: Classification rule for the Heuristic approach

To fix the thresholds that would yield the best possible results, a broad range
of positive/negative thresholds were swept over, and their performance was eval-
uated. For negative targets the positive threshold was fixed and then a range of
negative thresholds were swept, calculating the accuracy, and then repeated for
different positive thresholds. For the targets with a positive overall score the same
was done but fixing the negative threshold instead and testing different positive
thresholds for that fixed negative one. Figure 35 shows an example of this for nega-
tive targets, with a fixed positive threshold of 1, testing different negative thresholds.

Table 11 shows again the different weights assigned depending on the confidence. If the
confidence of the classification is opposite to the one of the most frequent sentiment,
and the confidence is between 0.9 and 1, then the tweet will either get re-classified
as neutral, or to the sign of the most frequent label if the global score for that target
has is very high. For tweets with a confidence of less than 0.9 and sign opposite to
the one of the most frequent label for the target, they will all get relabeled to such sign.

While these weights were set taking into account the individual approaches (Global
Sentiment and Relationships) they were maintained for the combined approach, as
the only difference would be that for certain tweets, for which the tweeting user
follows a user from the gold set with the same feeling towards the mentioned target
as the global feeling, even the tweets with a high confidence value of the opposite
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Figure 35: Accuracy evaluated for different negative thresholds for a fixed positive
threshold of 1

sign would get reclassified either to that sign or as neutral. This is in line with the
reasoning behind the relationship heuristic: if a user has a strong feeling opposite
to the general belief, most of the time he will not follow people with the opposite
opinion which are included in the gold set, and if he does then it probably means that
the tweet was incorrectly missclassified by the Sentiment analysis, despite having a
high confidence, which could be the case for example of sarcastic tweets, that get
classified as positive with a very high confidence by the sentiment analysis, despite
the ground truth being negative.

6.2.5 Machine Learning Approach

After exploring the different heuristic approaches individually and also combined,
the last part of this work consists on trying Machine Learning approaches to improve
the sentiment analysis. These approaches use features coming from the sentiment
analysis itself (label and confidence), graph (global sentiment, connections to positive
and negative gold users, centralities, and more) and the actual text of the tweet,
which when fed to the initial Sentiment Analysis algorithm was not exploited, but
could contain certain parameters that could be of use to determine the sentiment label
(positive, neutral or negative) towards a target, like the position of the mentioned
target, the count of URLs or the number of hashtags in the sentence. To do the
initial sentiment analysis,the data was only adapted to fit the format the algorithm
of Zhang et al required, but no further information was extracted from it.

As mentioned in the previous paragraph, we can divide the features fed to the
Machine Learning model in three main groups:
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1 Features extracted from the initial targeted sentiment analysis used: The
algorithm of Zhang et al.

2 Features extracted from social graph structures.

3 High level features extracted from the Tweet text like number of Hashtags,
position of mentioned target, number of URLs...

The features derived from the Sentiment Analysis are already known and need to
explanation: the label predicted by the model and the confidence in such label.

For the features extracted from the graph, a more detailed explanation is needed.
First we will use the same Global Score that was used in the previous heuristic
approach and calculated from 50 hand labeled tweets for each of the influential
targets. This time however, in contrast to what happened in the heuristic approaches,
the global score will always have an influence in the classification, as even the global
scores of those influential users for whom it does not surpass the threshold used
in the previous section are added as features for the machine learning model. The
second set of features derived from the graph is related to the relationships heuristic
approach. These features are the number of connections to users from the gold set
with a positive sentiment towards the mentioned target that is mentioned in the
tweet to be classified, and the number of connections to users of the gold set of the
user who is making the tweet to users of the gold set with negative sentiment towards
the target that is being mentioned.

Also, from the graph both, the degree centrality which is a measure of how in-
fluential or important a node is in a graph, and the eigenvector centrality, which
measures the quality of the connections of a node, are extracted for the 15 central
users which are being analyzed and used as features as well.

Lastly, features from the tweet text itself were extracted. This is done because
for the previous sentiment analysis, only the word embeddings of each word in the
tweet were fed to the algorithm, leaving out information which could be of use for
detecting the polarity of the tweet. These features are the number of URLs in the
tweet text, the number of hashtags, if there are questions or not in the tweet, and
the length of the tweet. Also, a feature was added to reflect if the Tweet contains
the word "via" or not, as during the manual labelling of the tweets, many tweets
where found with the following structure: "The #Brexit hell about to get worse, via
@SkyNews", which represents a tittle for a new or an article being posted by one of
the news sources, and therefore does not indicate any kind of sentiment towards such
target.

These features were then fed to 3 different machine learning classifiers in order
to see if by using this kind of approaches the performance of the plain sentiment
analysis could be improved. These approaches are the already described Support
Vector Machines, Logistic Regression and AdaBoost. Before showing the results for
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each model and comparing them, Logistic Regression and AdaBoost will be briefly
explained, as SVMs were explained in chapter 2.

Logistic regression is one of the most famous machine learning algorithms used
for classification. It uses a sigmoid function to output a value between 0 and 1 for
any input value, which can then be used to predict the label for that input value.
In a binary classification problem with classes A and B, if the output value of the
sigmoid function is above certain threshold then the new data point gets classified
as class A, and if it is below such threshold it gets classified as class B. As Logistic
regression is mostly used for binary classification (that is two class classification) and
our problem is a multi-class classification problem, for our approach we will use a
one versus all or one versus the rest strategy, which consist on training one classifier
per class, with the instances of that class as positive and the instances of all the
other classes as negative, and then choosing the solution which yields the highest
probability of the data point belonging to such class. The following figure depicts an
image of the sigmoid function used by Logistic Regression.

Figure 36: The sigmoid function used in Logistic Regression. For any input value,
the sigmoid function outputs a value between 0 and 1.

The other Machine Learning Model that has been used, but has not yet been
explained is AdaBoost, which is short for Adaptive Boosting. AdaBoost belongs
to a family of algorithms called ensemble learners, which produce strong predictive
models by the combination of many weak ones. In these models the output of the
weak algorithms are combined in a weighted sum that represents the final output of
the improved classifier. The Adaptive part of AdaBoost comes from the fact that
the progression of weak models are trained by favouring those instances of the data
that were missclasified by the previous weak models. A number of iterations T is
set, and after each iteration the weights of the different data points get updated
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by giving more weight to the instances that were miss-classified by the classifier
constructed in the previous iteration. All the points start with the same weight, and
after each iteration, when a new classifier is trained, their weights get updated. After
T iterations we have trained T classifiers, and their weighted sum constitutes the
output of the final boosted model. These weights, assigned to each classifier depend
on how well the classifier performed when it was evaluated.

After briefly explaining these algorithms, the following table shows their perfor-
mance on the labeled tweets, with the features from the three categories mentioned
previously on this section included, using a 10 fold cross-validation, and comparing
it to the basic sentiment analysis and to the top performing approach from the
heuristics; the combined approach of global sentiment and relationships:

Sentiment Analysis 57%
Combined Heuristics 67%

SVMs 62%
Logistic Regression 64%

AdaBoost 67%

Table 12: Table showing the accuracy of the different Machine Learning models used
to enhance the sentiment analysis in comparison to the baseline SA and to the best
performing heuristic model.

As it can be seen from the table, all the machine learning approaches perform similarly
to each other, with SVMs having the worst performance and AdaBoost the best, and
all perform better than the baseline sentiment analysis. Also, the top performing one
shows the same result as the combined heuristics approach, which beats the baseline
by 10% accuracy. Machine Learning models, because of the automatic weight setting,
and the ability to incorporate additional features than the heuristic approach in an
easier manner, should generally beat these kind of methods. However, because of the
small amount of data available to train and test the Machine Learning algorithms,
its very possible their performance is not optimal, and that the results would be
better if more labeled data was available.

Feature selection using the Mutual Information [64] approach was used in order to
see the features that are the most related to the target labels. Out of the 14 features
used, the feature that was most related to the target label was the global sentiment
for each of the influential users. The other features derived from the graph (number
of connections to users within the gold set that mentioned the same influential target
with a positive or a negative label and the centralities) showed some correlation with
the label of the tweet but less than the global sentiment and the label and confidence
features derived from the sentiment analysis.
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6.3 Error analysis
For the best performing Machine Learning model (AdaBoost), 60% of the errors
come from incorrect classification of neutral tweets as either positive or negative.
This highlights the previously mentioned point of how hard it is to address the
subjectivity of the tweets. This percentage however, as big as it might seem, has been
reduced from the straightforward sentiment analysis, where for the tweets classified
with a confidence of 1, 77% of the errors are neutral tweets being labeled either as
positive or negative. This indicates that some of the features used in the Machine
Learning classifiers with the intention to enhance the sentiment analysis are good for
discriminating whether a tweet is polarized or not.

Also, it seems that the Sentiment Analysis performs worse at the classification
of tweets towards a negative target than towards a positive one, which is possibly due
to sarcasm, subtle negativity and the difficulties mentioned in chapter 4 about images
and URLs infering sentiment along with the text, which most time is a negative
sentiment. The following figure shows the correctly classified tweets out of the 50 test
tweets for different influential users by the sentiment analysis and by the heuristic
approach depending on whether they have an overall positive sentiment or a negative
one.

Figure 37: Comparison of the performance of the SA and the improvement by the
heuristic approach on different targets

This figure shows how the sentiment analysis performs worse on those targets with an
overall negative feeling than a positive one, and therefore the increase of performance
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from using any of the approaches to enhance this sentiment analysis is greater.

6.4 Sentiment Towards Influential users
With this improved Sentiment Analysis, we can now infer the sentiment towards
the main actors of our network with a higher confidence than by just using the
Sentiment Analysis. Chapter 5 presented a list of the sentiment towards each of
the users evaluated using the 0.9 confidence graph, showing that the number of
positive links for each of the users was higher than the number of negative links for
all the users except 1. Taking the same tweets and applying the combined heuristic
approach, and removing the neutrals, we can see out of these remaining tweets how
many are positive and how many are negative, in order to correctly infer the overall
sentiment towards each of them and compare the results. The following figure shows
a comparison between the labels obtained by the sentiment analysis on the tweets
that were used to construct the 0.9 confidence graph, and the results obtained by
the combined heuristic approach on those same tweets, removing the neutral labels
obtained.

Figure 38: Initial sentiment labels output by the Targeted Analysis and Sentiment
Labels on those same tweets achieve by the combined heuristic approach

It can be seen that some users who were initially regarded as having more positive
connections than negative ones (Theresa May, Jacob Rees Mogg), get their aggregated
sentiment changed from positive to negative, while having a higher accuracy on this
classification.

After having presented the different strategies for improving the sentiment anal-
ysis, the next chapter will make a summary of the project, and discuss some future
lines of work that could be tackled.
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7 Summary, Discussion and Future lines of work
This chapter closes this project by making a short summary of the work done and
discussing some of the results, future lines of work and possible improvements.

7.1 Summary and Discussion
This work has addressed several issues:

First the extraction of useful information from Twitter data without any preprocess-
ing, showing that a lot of valuable information can be obtained without the need to
use complex algorithms.

Then, a methodology for creating a signed graph from Twitter, where the nodes of the
graph are Twitter users and the edges of the graph represent a positive or negative
relationships in between those users, was developed and implemented, showing that
a meaningful signed graph can be constructed, even if the social application that is
being analyzed has no explicit way to create negative interactions. This is possible by
using sentiment analysis, or in the case it is needed its targeted variant, for extracting
the sign of user relationships out of the text embedded in the social applications.

The structure of this graph was analyzed, and from it a possible use case was
derived: infering the sentiment towards popular actors in the networks, represented
by the nodes with highest degree, which are the Twitter accounts that have been
mentioned the most on a certain topic. Different ways for evaluating the influence of
users in the network were debated, and once the top influential users were discovered
a whole framework for calculating the sentiment of the rest of the users of the network
towards them was developed and implemented.

As the sentiment analysis needed to construct this graph is a very challenging
task, various approaches for improving this sentiment analysis were developed and
implemented, improving the performance of the baseline sentiment analysis, and
showing that using the social structure intrinsic to the applications where this text is
extracted from can greatly improve the performance of the plain Sentiment analysis.
The two best approaches developed, which have approximately the same results, show
a 10% increase in the classification over the plain sentiment analysis. Out of these,
the Machine Learning approach could be further improved, looking for more complex
features from the graph to incorporate, and using a larger amount of training data.

Various previously discovered topics have been confirmed in this work. First, the
greater difficulty of classifying neutral or subjective content from that carrying a
certain polarity. Secondly, that Twitter follower/followee relationships are a good
indicator of shared sentiment on a topic, entity or topic/entity level between the
two users who share such relation. Third, that the hypothesis that the overall
sentiment for a topic/entity is consistent across most individuals has been con-
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firmed, by the percentage of influential users in our dataset that have an overall
global sentiment larger than the established threshold, and the improved classification
with regards to the sentiment analysis for the users with those global sentiment scores.

Lastly and most important, it has been demonstrated that despite the difficulties
of sentiment analysis for Twitter data, which were thoroughly described in Chapter
4, if this sentiment analysis is combined with social information derived from the
connections inside of the social network, its performance can be greatly increased.
This work addressed the issue on Twitter data, but the same principles could be
applied to any other social network with text interactions among users and some
kind of friendship mechanism in between the users.

7.2 Future lines of work
One of the reported issues that limited the performance on the sentiment analysis,
is the use of sarcasm within the tweet’s text. Specially for targets with an overall
negative sentiment, sarcastic tweets were classified as positive tweets with a very high
confidence, while they should have been negative, and therefore none of the proposed
approaches could successfully reclassify them. To tackle this issue several things
could be done. The first solution would be to research for features in the tweet’s text
that are indicative of sarcasm and incorporate them to the Machine Learning model
that has already been constructed. The second solution would be to use a model
that is specifically trained for recognizing sarcasm after the first sentiment analysis
like [65], and toggle the sign of those tweets that have a high confidence from the
sentiment analysis and have been recognized as sarcastic by the sarcasm detection
algorithm.

Another possible improvement, specifically aimed at the Machine Learning approach
would be to label more data, in order to see if with a larger training dataset the
algorithm would perform better, as it is very possible that it doesn’t reach its optimal
performance because the small availability of training data.

A heavier preprocessing step could be done before feeding the initial un-labeled
tweets to the Targeted Sentiment Analysis algorithm. Despite this work using word
embeddings to automatically extract the features for the Bi-directional neural network
attention model, a slight cleaning of the tweet’s text might increase the performance
of the sentiment analysis.

Lastly, in chapter 3, some differences were found between the datasets belonging to
political topics (#Brexit and #Venezuela) and the ones belonging to amusement
events (#Oscars and #GameOfThrones), like the percentages of retweets and the
mean length of the tweets. Doing a more throught investigation of this would be
very interesting, to confirm these results and get some insights into why this happens.
Also, it would be interesting to construct signed graphs using the sentiment analysis
improvement for this other topics, in order to be able to compare them.
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