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Resumen 

El papel de los medios tradicionales en el mundo está cambiando rápidamente a 

medida que su influencia disminuye constantemente. Incluso desde los primeros 

días de la web, surgieron nuevas formas de comunicación. Aumentando en 

número y popularidad a lo largo del tiempo, descentralizando la producción de 

contenido y ganando popularidad. Con el advenimiento de las redes sociales, esta 

tendencia solo se aceleró, los productores de contenido ahora son los mismos 

consumidores. 

Para mantenerse relevante, se ha vuelto vital que los medios tradicionales 

publiquen su contenido en los medios sociales, de estos, la plataforma de 

microblogs Twitter es uno de los más utilizados para la distribución de noticias, 

tanto de usuarios como de medios tradicionales. Por lo tanto, es importante que 

las empresas de medios tengan sus publicaciones de noticias para ser influyentes 

en la plataforma. En una época en la que la automatización está asumiendo 

muchas tareas, incluida la producción de contenido; la detección automática de 

características lingüísticas de tweets de noticias influyentes es una tarea 

importante para alcanzar influencia en las redes sociales, particularmente en 

Twitter. 

Para alcanzar los objetivos de esta tesis se necesitaba una medida de influencia 

para el tweet. Utilizando la información del número de interacciones de tweets 

(retweets y favoritos) y la cuenta misma (seguidores, seguidores y listas) -

proporcionada por la API de búsqueda de Twitter- desarrollamos medidas del 

tweet y las influencias de la cuenta, a través de nosotros, entonces, obtuvimos una 

medida de influencia de tweet absoluta, por lo que las comparaciones entre los 

tweets de diferentes cuentas son posibles. 
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Una vez que esta medida estuvo en su lugar; la descarga automatizada y la 

clasificación de los tweets de noticias de acuerdo con la influencia absoluta fue 

posible; desarrollamos y publicamos una herramienta en la web para tal fin. La 

salida resultante fue un corpus de noticias tweets de las cuentas de revistas 

nacionales, etiquetados como altamente influyentes y de baja influencia. 

 Varias técnicas de aprendizaje automático se aplicaron a este corpus utilizando 

unigramas y bigramas de palabras y etiquetas POS como características 

obteniendo una referencia del 50% de las instancias correctamente clasificadas 

que subieron al 78% después de la selección del atributo, la discretización y el 

ajuste de los parámetros. 
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Abstract 

The role of the traditional media in the world is quickly changing as its influence 

steadily declines. Even from the early days of the web, new forms of 

communication arose. Increasing in number and popularity over time, 

decentralizing the production of content and gaining in popularity.  With the 

advent of Social Media this trend only accelerated, the producers of content now 

being the consumers themselves. 

To stay relevant, it has become vital to traditional media to post their content 

in Social Media outlets, of these, micro-blogging platform Twitter is the among 

the most widely used for the distribution of news, both user generated and from 

traditional media. It is, thus, important for media companies to have their news 

postings to be influential in the platform. In an era where automation is taking 

over many tasks, including content production; the automatic detection of 

linguistic features of influential news tweets is an important task towards 

reaching influence in Social Media, particularly in Twitter. 

To achieve the goals of this thesis a measure of influence for the tweet was 

needed. Using the information of the number of tweet interactions (retweets and 

favorites) and the account itself (followers, following, and lists) –provided by the 

twitter search API– we developed measures of the tweet and account influences,  

through which we, then, obtained a measure of absolute tweet influence, so 

comparisons between tweets of different accounts are possible. 

Once this measure was in place; automated download and classification of 

news tweets according to absolute influence was possible; we developed and 

published a tool on the web for such purpose. The resulting output was a corpus 

of news tweets from the nationwide journals accounts, tagged as highly influential 

and lowly influential. Several machine learning techniques were then applied to 

this corpus using word unigrams and POS tagging as features obtaining a baseline 

of 50% of correctly classified instances going up to 78% after attribute selection, 

discretization and parameter tweaking. 
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Chapter 1 

1  Introduction 

 

This introductory chapter presents the structure of the rest of the document, 

starting with the background of the subject, a general description of the current 

global situation regarding the creation and distribution of news and a description 

of the relevance of influence in social media for traditional news producers and a 

case for the revival of traditional media. 

A measure of the absolute influence of a tweet is, then, justified, proposed 

and briefly explained. In the same fashion a script developed for the purpose of 

enhancing the creation of the corpus –to obtain tweets and tag them according to 

the influence measure– is presented. 

The solution to the problem is then described succinctly. Finally, the structure 

of the document laid out at the end of this chapter. 

 

1.1  Background 

 

The dawn of the information era brought massive transformations to our society, 

traditional entities are losing influence as new social paradigms emerge enabling 

the creation of new entities and the strengthening of others. Westphalian 

sovereignty the first in a line of casualties, even when backlashes –powerful ones 

included– into rampant nationalism arise in certain points of the globe [1]. 

Governments are not the only large, industrial and digital era entities that are 

struggling to preserve their positions of power and influence. 

As the power of governments recedes back into the condign and taxation 

areas [2]themselves losing their strongholds to smaller and new entities that thrive 

on an environment of openness and free flow of information.themselves losing 
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their strongholds to smaller and new entities that thrive on an environment of 

openness and free flow of information. 

Traditional mass media were the original eroders of the state’s 

communicational hegemony, and wielders of the counterweight to governmental 

communication machinery since the printing of the first newspaper[3] in the 17th 

century, shown in Figure 1.1, with massive increments in popularity and influence 

with the creation of new mass media formats in the 20th century, namely radio 

and television. 

Seems pertinent to take a bit of space to define conditioned power. This can 

be understood as the ability to have people changing their behaviors, neither by 

the fear of violence nor by the expectation of economic reward, but by instilling 

into them an idea [4]. Also, known as influence, persuasion or leadership, this is 

indeed a potent type of power since instead of relying on expensive, extrinsic, 

short-lived motivators, the motivation becomes intrinsic; now the person acts in 

the desired direction of its own volition, and continuously until the idea is 

replaced by other or fades away. 

 

 

FIGURE 1.1 Relation: Aller Fuernemmen und gedenckwuerdigen Historien. (1609)  

Credit: Heidelberg University 
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 This compelling notion lies behind the concept of  the “fourth estate” coined 

by Edmund Burke in 1787[5] referring to the tremendous influence mass media 

had,  whose conditioned power, as hinted earlier, is being siphoned off into 

Dutton’s “fifth estate” or “networked individuals enabled by the Internet, i.e. 

social  

It is this transition that has led to profound transformations in the social 

interactions, a more interconnected world, the democratization of content 

production [7] and the possibility for smaller entities to access conditioned power 

and gain influence. Thus, providing means to ever more atomized groups or 

movements to influence the political and social spheres [8]. It also prompted 

traditional media to establish online and social media presences in an attempt to 

remain relevant, they did this with varying degrees of success. 

Such changes have not all been positive or well received: isolation, the echo 

chamber phenomenon and the widespread dissemination of fake news [9] are 

some of the undesirable effects that come from the lack of quality assurance, 

accountability and validation traditional media were subject to. 

While it is evident that mass media outlets, when at the pinnacle of power, 

forwarded their own agendas and interests, as well as engaged in small and large 

scale corruption[10], it’s also relevant that entities with oversight and credibility 

remain a relevant counterweight, not to exclusively to governments anymore, but 

to the new actors in social media. 

It is, thus, necessary, that relevance and influence of the traditional media in 

the new outlets is preserved and enhanced. Both to prevent further degradation in 

the news quality of the outlets –due to the pressure to cater to the tastes of fake 

news users– and to serve as beacons to validate information produced by  social 

media users. 

Furthermore, commercially, regaining influence is relevant for the mass 

media companies themselves as they have lost audience and importance; placing 

their business models in peril. Journals of ample tradition have disappeared to 
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their strepitous descent from prominence, even behemoths like the New York 

Times have had to be salvaged by deep-pocket investors more concerned with 

preserving the institution than to breaking immediate profit [11]. 

Even though several prominent social media platforms exist and three 

dominate the news usage according to Pew poll: Facebook, YouTube and Twitter 

[12]. Of these, we selected Twitter for its ease of use, standardized posts and 

predominance of news content usage. 

To retain and regain influence and audience, it is presumed that traditional 

media can benefit from predicting the popularity of a tweet before it is sent. This 

would be useful to aid in the better crafting of tweets that could, in turn, have 

more interactions. 

 

FIGURE 

1.2 Social media sites as pathways to news. 

Credit: Pew Research 

 

It is our proposal to apply machine learning techniques to a previously tagged 

corpus of news tweets emitted by nationwide circulation newspapers. 
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1.2  Problem 

The objective of this thesis is to automatically detect the linguistic characteristics 

of influential news tweets. 

To achieve this we try to define what constitutes an influential tweet, 

moreover, the influence of the tweet needs to be determined independent of the 

user account’s prominence; a measure of absolute tweet influence is required. A 

mechanism to promptly acquire and classify thousands of news tweets according 

to the influence measure is also a desirable tool. 

 

1.2.1  Tweet influence measure 

In order to train a machine learning algorithm to serve our analysis purposes it is 

necessary, first of all, to label a corpus of tweets. To achieve this a meaningful 

measure of influence that can use the data provided by Twitter. Existing influence 

metrics either required data that was not available from the current free APIs or 

measured influence in a different sense that we sought; we decided to develop our 

own metric. A fuller explanation of the measure is developed on Chapter 3. 

Twitter provides, through one of its APIs, information about the tweet itself, 

as well as information of the user account that posted the tweet. To develop the 

measure used for this work the most prominent related numerical variables 

provided by Twitter were extracted. 

Once said variables were obtained, it was necessary to make sense of them 

and using them for calculations that can provide insight on the absolute influence 

of the tweet; as previously stated, independent of the accounts own influence. 

 

1.2.1.1  The Twitter APIs 

Twitter documentation is thorough in the technical aspect but a tad obscure 

regarding the naming and division of APIs provided.  Six documented APIs [13] 

four free and two paid have been identified and are described in the following 

table: 
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TABLE 1.1: Twitter APIs 

Name Description Cost 

Search API 

Provides tweets either from users accounts or topics. Limited to the last seven days 

in searches and the last 3200 tweets of any account. Search customization limited 

to a few parameters. 

Free 

Analytics API Gives access to the owners account analytics data. Free 

Embed API 
Provides a way to integrate tweets, collections and timelines into different 

platforms. 
Free 

Ads API 
Manages ads for the user’s account or external accounts that grant access to the 

application. Needs Application whitelisting 
Free 

Premium API 
Provides access to 30 days on searches with a subset of search operators and more 

descriptive user and analytics data. 
Paid 

Enterprise API 
Provides the full set of search operators and access to all tweets as far as 2006. 

Access is not guaranteed by payment. Special application needed. 
Paid 

  

For the purposes of this work the free Search API was selected. This implies 

limitations in timespan, tweet and account information. 

 

1.2.1.2  Twitter data 

Through its free Search API twitter limits to 3,200 the number of tweets 

retrievable per user, oftenly and at random returning between 2,600 and 3,000 

tweets. One way to overcome this limitation is to gather tweets from a single 

topic, it delivers all tweets containing the keyword(s) from the last seven days, 

including retweets. Another is to obtain the tweets from several accounts. The 

latter method was selected since it better fit the problem at hand. 

Twitter delivers the data of each tweet in JSON format. From the attributes 

found in the JSON, we selected five, three for the account and two for the tweet 

itself. For the tweet: number of retweets and favorites. For the account: number of 

followers, friends (also known as following), and lists. 
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1.2.1.3  Absolute Tweet Influence Measure 

Using the aforementioned features we proceeded to develop three formulas 

one for the influence of the tweet, other for the influence of the account and 

finally on that divides the former against the latter to find a measure of influence 

of the tweet without the weight of the account. 

1.2.2  Tweet download and classification tool 

A corpus was necessary to work with our problem, since we were looking for a 

very specific type of tweet we decided to create our own corpus. Twitter does not 

provide a way to request for more than 200 tweets at a time through its search 

API. To overcome this limitations we found necessary to write a script for the 

task. 

After trying with several twitter extraction libraries for python we found 

limitations to download several users at a time, so, we took a small PHP twitter 

connection library and decided to retrieve the tweets directly with the methods 

provided by the API. 

This script has a minimal front end and was uploaded to a hosting service for 

easy access and possible use by other parties. The script includes the option to 

automatically tag the tweets according to our absolute tweet influence calculation. 

1.2.3  Application of Algorithms 

Once the corpus was in place and labeled it was preprocessed to fit the ARFF file 

format and proceeded to test several optimizations and classification algorithms 

available in the widely adopted Waikato Environment for Knowledge Analysis, 

better known as WEKA. 

 

1.3  Novelty 

The influence of a tweet has been approached in the past from statistical, 

mathematical, computational and socio-psychological perspectives. None or too 
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obscure research has been done from the perspective of Natural Language 

Processing. It is our intention to present a work that is novel in using this 

approach for detecting the influence of a tweet. 

 

1.4  Contributions 

The main contribution of this work is the idea and method applied to obtain the 

features of an influential tweet via machine learning, presenting various 

algorithms and optimizations applied obtaining improvements of up to 28.18 

percent from baseline. 

 This thesis also presents a new calculation to measure the absolute influence 

of a tweet using parameters obtainable from the Twitter Search API which factors 

also the ratio of favorite to retweets, as a way to improve its influence predicting 

factor and trying to discount the influence of the account itself to better detect the 

influential features of the tweet itself rationale behind this better explained in 

chapter 3. Also we present a simple web script to download tweets in a versatile 

fashion that does not require special packages installed. 

 

1.5  Structure of the Document 

The present chapter provides a general overview of the background and the steps 

needed to arrive to the results obtained. Chapter 2 presents technical and 

theoretical foundations useful to understand in more detail the contents of this 

work. Chapter 3 contains a detailed description of the steps taken to develop this 

solution. Chapter 4 proceeds to describe the results obtained with different 

algorithms, possible use cases and implementations. Finally, Chapter 5 presents 

the conclusions, future work and possible improvements.  
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Chapter 2 

2  Technical and Theoretical foundations 

 

2.1  Twitter 

Twitter is one of the most active social media platforms, its main function is the 

microblogging service. Users are called tweeps and can be followed by any other 

user unless the account is labeled with sensitive content (18+ years). Its microblog 

posts are called tweets and can include external links, images and video. [16] 

There was initial debate whether Twitter was a social networking online platform 

or a news service, nevertheless it is now widely accepted as the former. [17] 

Since the creation of the service tweets were 140 characters long but were 

upgraded to twice as that (280 characters) in 2017 for all languages except for 

Korean, Chinese and Japanese. According to the company 9% of the tweets 

attempted to exceed 140 characters and has to be edited, with the adaptation only 

1% reaches the limit [18] as shown in Figure 2.1. 

 

FIGURE 2.1 Tweets that reach the limit at 140 and 280 characters. 

Source: Twitter.com 
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Tweets for the Asian languages, did not receive the character limit increase 

due to their natural density. In the blog post that announces the pilot program 

Twitter also explains this phenomenon and presents the following timelines as an 

example Figure 2.2.  

 

 

FIGURE 2.2 Same tweet on English, Spanish and Japanese. 

Source: Twitter.com 

 

The length of a tweet holds relevance since for future work this needs to be 

taken into account, being possible that tweeps will start migrating slowly to 

longer tweets, thus, for our specific problem, making the writing of a tweet a 

different task from the writing of a news piece title. 

To this moment since news headlines are generally under 140 characters, 

direct posting of a news title as a tweet was possible without either losing 

information, or being too succinct for the social medium. This might not be the 

case in the future. 

 

2.1.1  Twitter Search API 

which deliver different degrees of information on tweeps and tweets. This free 
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API has several limits. These limits are presented in table 2.1.which deliver 

different degrees of information on tweeps and tweets. This free API has several 

limits. These limits are presented in table 2.1. 

 Over time this API has evolved both integrating many new methods and 

creating more restrictions for the developers, this was very noticeable on the 

switch Twitter had from an investor funded initiative to a commercial company 

and the adoption of advertisement as a revenue method.  

A second such moment came when Twitter started providing more analytical tools 

to users, in order to promote the usage of targeted Twitter Ads to improve the 

impact of the account. This notoriously created some disruption in the popularity 

dynamics but more importantly in the subdivision of the APIs leaving the free 

ones with severe crippling in terms of usage limits and information availability. 

 

2.1.1.1 OAuth 

This is the only method that Twitter allow for connection to its API.  The features 

of this kind of connection are its security since “users are not required to share 

their account credentials with 3rd party applications, increasing account security” 

and standardization over time client libraries have been developed and many 

example codes that are “compatible with Twitter’s OAuth implementation”. 

 Twitter operates with two types of authentication, these are: User 

authentication and application-only authentication. “The user authentication 

method of authentication allows an app to act on behalf of the user, as the user” 

while “Application-only authentication is a form of authentication where an 

application makes API requests on its own behalf, without the user context. This 

method is for developers that just need to access public information [19]”.  

 

2.1.2  JSON Format 

Twitter provides most of its responses to information calls in the JSON format. 

According to the Internet Engineering Task Force (IETF) “JavaScript Object 

Notation (JSON) is a lightweight, text-based, language-independent data 
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interchange format.  It was derived from the ECMAScript Programming 

Language Standard.  JSON defines a small set of formatting rules for the portable 

representation of structured data [20]”. 

Many parsers exist for this information representation format, it is widely 

favored on web applications because of its deep ties to the standard client-side 

scripting language for the web. It is also more compact character-wise than XML-

based representations. An example is presented on Figure 2.3. 

Even though functions for conversion to array are available in most modern 

programming languages, since most responses from the different Twitter APIs are 

provided in this format it is relevant to understand its structure. As we can see in 

Figure 2.3, each element including the top element is enclosed by curly braces 

and they can be nested, without an y theoretical limit. While the format allows for 

infinite nesting, practical limits come from the parsers and, obviously, the 

limitations pertinent to the machine architecture. 
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FIGURE 2.3 JSON example. 

Source: Internet Engineering Task Force 

 

 

TABLE 2.1: Usage Limits for the Search API. 

Endpoint Resource family Requests (user auth) Requests (app auth) 

GET account/verify_credentials application 75 0 

GET favorites/list favorites 75 75 

GET followers/ids followers 15 15 
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GET followers/list followers 15 15 

GET friends/ids friends 15 15 

GET friends/list friends 15 15 

GET friendships/show friendships 180 15 

GET geo/id/:place_id geo 75 0 

GET help/configuration help 15 15 

GET lists/list lists 15 15 

GET lists/members lists 900 75 

GET lists/members/show lists 15 15 

GET lists/memberships lists 75 75 

GET lists/ownerships lists 15 15 

GET lists/show lists 75 75 

GET lists/statuses lists 900 900 

GET lists/subscribers lists 180 15 

GET lists/subscribers/show lists 15 15 

GET lists/subscriptions lists 15 15 

GET search/tweets search 180 450 

GET statuses/lookup statuses 900 300 

GET statuses/retweeters/ids statuses 75 300 

GET statuses/retweets_of_me statuses 75 0 

GET statuses/retweets/:id statuses 75 300 

GET statuses/show/:id statuses 900 900 

GET statuses/user_timeline statuses 900 1500 

GET trends/available trends 75 75 

GET trends/closest trends 75 75 

GET trends/place trends 75 75 

GET users/lookup users 900 300 

GET users/search users 900 0 

GET users/show users 900 900 

GET users/suggestions users 15 15 

GET users/suggestions/:slug users 15 15 

2.2  Tag Helper Tools 

TagHelper Tools is a program based on WEKA for the analysis and feature 

extraction from different types of datasets, but mainly for text. This tool was 
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developed in the context of advancements in the field of text classification 

technology in the domain of computational linguistics. 

 

2.2.1  About TagHelper Tools 

TagHelper tools is a program developed by the Language Technologies Institute 

of the Carnegie Mellon University with the purpose of producing text 

classification technology that operates correctly on highly skewed data sets and 

avoids overfitting idiosyncratic features on non-IID datasets [14].     

     

 

2.2.1.1 Motivation 

The motivation behind this software was to create technology for text 

classification in order to attack specific to classifying sentences “using coding 

schemes developed for behavioral research, especially in the area of computer-

supported collaborative learning [14]. 

 

2.2.1.2 Relationship to WEKA 

TagHelper tools is implements the functionalities of WEKA. “Internally, each row 

of the input file provided to TagHelper will be converted into what is known as an 

instance inside of Weka. An instance is a single data point. It is composed of a list 

of attribute-value pairs [14].” 

 

2.2.2  Operation 

TagHelper tools obtains several types of attributes  (i.e. unigrams, bigrams, POS 

unigrams, POS bigrams, and others) from a corpus provided wither in CSV or 

XLS format (no support for XLSX available) it then applies attribute selection 

techniques from the WEKA toolkit to sift through the most significant features 

delivering an ARFF file as an output. The screen is shown in Figure 2.4. 
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FIGURE 2.4 TagHelper Tools software Interface. 

 

2.3  WEKA 

The Waikato Environment for Knowledge Analysis (WEKA) is, arguably, the 

most widely used Machine Learning software, with constant additions in 

functionality and ML algorithms.  

“The WEKA workbench is a collection of machine learning algorithms and 

data preprocessing tools [...], it is designed [to] quickly try out existing methods 

on new datasets in flexible ways. It provides extensive support for the whole 

process of experimental data mining, including preparing the input data, 

evaluating learning schemes statistically, and visualizing the input data and the 

result of learning [38]”.  

 

2.3.1  About WEKA 

WEKA was created in the University of Waikato, its acronym is designed to 

match the name of a bird with “an inquisitive nature found only on the islands of 
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New Zealand” where the University of Waikato is found. It was developed in Java 

which makes it easy to port to different operating systems and also extensible. It 

is distributed under a GNU General Public License. The software has 

implementations of machine learning algorithms and several tools for dataset 

transformation, and preprocessing [38]. 

 

2.3.2  Modules 

WEKA presents a main screen with top down menus and 5 buttons leading to the 

main modules of the system as shown in Figure. 2.5. The modules being: 

Experimenter, Explorer, Knowledge flow, Workbench and SimpleCLI.  

 

 

FIGURE 2.5 WEKA Main screen. 

 

Simple CLI is a traditional command line to execute WEKA with direct 

parameters while getting the output within the system. Knowledge Flow allows 

for certain algorithms that can apply to incremental data to be executed, especially 

useful for large datasets that will not fit in memory, the problem being the limited 

number of algorithms. 

The Explorer Figure. 2.6 And Experimenter Figure. 2.7 interfaces are the 

main ways to interact with the system and the most widely used. In the explorer it 
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is possible to preprocess the datasets and then apply algorithms to them, while in 

the experimenter you can select a host of algorithms to be compared side by side. 

Finally the Workbench Figure. 2.8 combines the Explorer and Experimenter 

interfaces into one and also presents the plugins added to the system. 

 

   
FIGURE 2.6 WEKA Explorer interface. 

 

2.3.3  Algorithms 

Algorithms are at the heart of machine learning, created and improved over time. 

Even the more advanced and complex are, basically, statistical methods or 

combinations of them applied to the tasks of classification and clustering of data 

points. Their power and effectiveness are a testament to the power of both applied 

mathematics and human ingenuity. 
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FIGURE 2.7 WEKA Experimenter interface. 

 

FIGURE 2.8 WEKA Workbench interface. 
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During our experimentation in WEKA we applied two families of 

algorithms: filtering and classifying. We will briefly describe them in the 

following sections 

 

2.4  Filtering Algorithms 

We refer to filtering algorithms as those specific to change the composition of the 

attributes in datasets or, -in the natural language domain- corpora. There exist a 

vast number of algorithms for this purpose yet we will refer to only two 

algorithms as they are pertinent to our method. 

 

2.4.1  Correlation-based feature selection for machine learning 

Correlation-based Feature Selection (CFS) works under the assumption that 

“useful feature subsets contain features that are predictive of the class but 

uncorrelated with one another”. CFS resolves heuristic measures for the utility, 

worthiness or merit of a feature subset from feature correlations worked in pairs 

and applying test theory for the analysis. “Heuristic search is used to traverse the 

space of feature subsets in reasonable time; the subset with the highest merit 

found during the search is reported. [40]” 

Three measures of association between nominal variables are reviewed for 

the task of quantifying the feature-class and feature-feature correlations necessary 

to calculate the merit of a feature subset from:  

 

 

(2.1) 

   

“Where MS is the heuristic merit of a feature subset S containing k 

features, 𝑟𝑐𝑓 is the mean feature-class correlation (f ∈S), and 𝑟𝑓𝑓 is the 

average feature-feature intercorrelation. The numerator of the can be 
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thought of as providing an indication of how predictive of the class a set of 

features are; the denominator of how much redundancy there is among 

the features. [40]” The structure of the algorithm is presented in Figure 2.9. 

This algorithm in WEKA can be found in the Explorer interface in the 

Preprocess tab. Then in the drop down menu Filter, following the path: weka, 

filters, supervised, attributes and finally AttributeSelection. 

  

2.4.2  Multi-interval discretization of continuous valued attributes 

A great deal of classification machine learning applications are done with 

continuous-valued attributes. The discretization is, thus, relevant and noteworthy. 

This algorithm addresses the problem using “entropy minimization heuristic” for 

the task of discretizing a continuous-valued attribute’s range into multiple 

intervals. 

 Developed under the sponsorship of NASA’s Jet Propulsion Laboratory and 

Caltech this algorithm discretizes the attributes that present a continuous number 

using several numerical approaches as well as an algorithmic logic to select the 

best cutting points on any continuous value in order to discretize it [41].  

The final formula for Naïve Bayes was proven using Shannon’s noiseless 

coding theorem in a very interesting fashion, this can be reviewed in the article 

[41] the final version of the formula after the proof is the following: 

 

 

MLDPC Criterion: The partition induced by a cut point 𝑇 for a set 𝑆 of 𝑁 its accepted 

iff 

 𝑮𝒂𝒊𝒏(𝑨, 𝑻; 𝑺) >
𝒍𝒐𝒈𝟐(𝑵 − 𝟏)

𝑵
+

𝜟(𝑨, 𝑻; 𝑺)

𝑵
 (2.2) 

and it is rejected otherwise 
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This algorithm in WEKA can be found in the Explorer interface in the 

Preprocess tab. Then in the drop down menu Filter, following the path: weka, 

filters, supervised, attributes and finally discretize. 

 

 

FIGURE 2.9 Structure of CFS. 

Source: Correlation-based feature selection for machine learning [40] 
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2.5  Machine Learning Algorithms 

Hereby we refer to classification algorithms as ML algorithms, because of the 

domain of our problem, this does not mean that ML algorithms are only for 

classification, notoriously, clustering algorithms are a vast area within machine 

learning, but our task does not require these algorithms so we will describe 

classification algorithms only. 

 

2.5.1  ZeroR 

ZeroR is a method for classification that lacks any predictive power and is used 

only to establish baselines. This algorithm takes the largest class, or any class on 

balanced datasets/corpora and positions the rest of the values in that class. 

“Although there is no predictability power in ZeroR, it is useful for determining a 

baseline performance as a benchmark for other classification methods. [21]” 

 

 

FIGURE 2.10 ZeroR example. 

Source: ZeroR. Introduction to Data Mining [21] 
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2.5.2  Naive Bayes 

Naïve Bayes is an algorithm widely used to solve classification problems. The 

model is called naïve since it treats all proposed prediction variables as 

independent of each other. The Naive Bayesian is a fast and scalable algorithm 

that calculates the conditional probabilities for combinations of attributes and the 

objective attribute. An independent probability is established from the training 

data. This probability provides the likelihood of each target class, given the 

instance of each value category from each input variable [22]. 

This algorithm is a variant of the Bayesian network, called naive since it 

works on two assumptions that greatly facilitate its task. Firstly, the assumption 

that “the predictive attributes are conditionally independent given the class”, and 

secondly that “no hidden or latent attributes influence the prediction process”. A 

Bayesian form has the graphical appearance shown in fig 2.10, “in which all arcs 

are directed from the class attribute to the observable, predictive attributes” [40].  

 

FIGURE 2.10 Graphical representation of Naive Bayes. 

 

2.5.3  SGD 

Stochastic Gradient Descent (SGD) implementation for learning various linear 

models in WEKA (binary class SVM, binary class logistic regression, squared 

loss, Huber loss and epsilon-insensitive loss linear regression). This algorithm 

“globally replaces all missing values and transforms nominal attributes into binary 
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ones. It also normalizes all attributes, so the coefficients in the output are based on 

the normalized data”. 

Also, in the case of “numeric class attributes, the squared, Huber or epsilon-

insensitive loss function must be used” for Epsilon-insensitive and Huber loss a 

higher learning rate is necessary [23]. A graphical representation of a simplified 

gradient descent is presented in the following Figure 2.11 : 

 

 

FIGURE 2.11 Graphical representation of a simplified gradient descent. 

 

2.5.4  J48 Classification Tree 

Direct descendant of the lineage of the ID3 and the successive C4.5 trees this 

algorithm was created by the WEKA team to harness the power of C4.5 while 

addressing the tendency to favor corner regions from the C4.5 tree algorithm. 

 The algorithm for learning decision trees is: 

 

1. Start with complete train dataset. 

2. Select attribute with dimension that provides optimal split. 

3. Create child nodes using selected split value. 

4. Recursive use algorithm on every child using data until halting event is 

met. 
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“The main challenge while building the tree is to decide on which attribute to split 

the data at a certain step in order to have the ‘best’ split. The answer for this is the 

information gain concept. Information gain is the difference between the entropy 

before and after a decision” [24].  

 

 

FIGURE 2.12 J48 tree graphical output by WEKA. 

Source: WEKA. 

 

2.5.5  Voted Perceptron 

This algorithm for linear classification combines Rosenblatt’s perceptron 

algorithm with Helmbold and Warmuth’s leave-one-out method. Similarly to 

maximal-margin classifier from Vapnik, this algorithm harnesses data that are 

linearly separable with large margins. It is, nevertheless much simpler to 

implement than Vapnik’s algorithm, and of faster execution. 

This algorithm ought to be used in very high dimensional spaces 

effectively and with efficiency applying kernelling operations. The performance 

this algorithm is similar to, yet not quite optimal as, that of maximal-margin 

classifiers when applied to the same problem. It, nonetheless, saves significant 

computational and coding time [25]. 

The Voted perceptron algorithm is presented on Figure 2.13. 
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2.6  Related Work 

Influence in from tweets and news are of course topics of great interest and 

importance given their relevance in the era of information and even more in the 

current days. In spite of that we believe our approach is novel and the application 

specific enough to make a small yet significant contribution, we proceed to 

present some of the related scientific literature, which, both pre-dates and concurs 

with our work.  

 It is important to notice that while some methods are concerned with 

influence of the twitter user or tweep, we found none on the specific influence of 

the individual tweet, thus, the works presented here are related but not the same. 

  

  

FIGURE 2.13 The voted perceptron algorithm. 

Source: Large Margin Classification Using the Perceptron Algorithm [25]. 
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2.6.1 Pre-dating works 

In this section we present works older than five years, in chronological order, but 

incidentally with the most similar work to ours being the last of this section. 

On their article A Statistical Approach to the Discovery of Ephemeral 

Associations among News Topics Montes-y-Gómez, Gelbukh, and López-López, 

explore statistical methods to discover the influence of news topics on the 

influence of the news piece. This work is an interesting predecessor since it was 

published in 2001, closer to the early days of the World Wide Web and previous to 

the advent of social networks. But still looks for linguistically identifiable 

characteristics to find relationships with the influence and impact of the piece 

[26]. 

The million follower fallacy a highly cited article from Cha, Haddadi, 

Benevenuto and Gummadi, explores the issue of popularity in twitter from with 

the use of graphs and also the observation of behaviors of Twitter users. Dating 

back to 2010 this paper shows a Twitter that has already consolidated as a leading 

social network but was still young and devoid of the usage, popularity and 

features it has nowadays [27]. 

Ye and Wu presented Measuring Message Propagation and Social 

Influence on Twitter.com also in 2010. In their comprehensive work they present 

a statistical and graph-based approach to influence on a single topic, their study is 

insightful and provided many key notions for the developing of our work, 

nevertheless, the highly theoretical approach also uses a great deal of human 

analysis, barely touching on the machine learning approach. [28]. 

"Everyone's an influencer" is a massive analysis of a massive 1.06 billion 

corpus of tweets collected over two months by Bakshy, Hofman, Mason and 

Watts, they analyze the dispersion rates on 76 million events, tracking 1.6 million 

tweeps. They concluded that word-of-mouth is -as they admit, intuitively-  the 

main propeller of tweet influence, also finding out that certain actors hold more 

influence than others according to the size of their audience and the tone they use 

in their post. This work is important but assumes the linguistic characteristics of 
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the content have little impact or predictive power which was contrary to our own 

intuition [29]. This work, is important to mention seeded a previous article of ours 

on the reach and impact on social media [30]. 

Bandari, Sitaram, and Huberman in their 2012 work: The pulse of news in 

social media: Forecasting popularity, offer one of the earliest approaches to 

predict the influence of news in social media, while their method is precise in 

terms of prediction reaching precision levels in the vicinity of 84% (5.8% above 

our method) it is important to note a great deal of manual work is needed to 

preprocess, tag the news and extract the significant features. Leaving the Machine 

learning only for the final classification. Making, thus, the implementation for 

industrial purposes almost impossible.  

It is also relevant that they rely on third party services to collect their 

tweets, all of which have stopped providing service, or disappeared entirely [31]. 

 

2.6.2 Contemporary works 

In this sections we present only articles with a distance of five years or less from 

this document. While the topics are closely related, we did not find any works as 

similar in scope and intention as the one from 9 et al. In the same fashion as the 

previous subsection we will present them chronologically. 

In 2013 Sidorov, Miranda-Jiménez, Viveros-Jiménez, Gelbukh, Castro-

Sánchez, Velázquez, Díaz-Rangel, Suárez-Guerra, Treviño and Gordon published 

their Empirical Study of Machine Learning Based Approach for Opinion Mining 

in Tweets while this work is not geared towards influence, it uses ML to obtain 

linguistic characteristics on tweets, of course for the purpose of opinion mining 

[32]. 

Cataldi and Aufaure put forward The 10 million follower fallacy: audience 

size does not prove domain-influence on Twitter [33], with a clear reference to the 

“One million follower fallacy” article from Cha et al [27], they present an updated 

model and novel conclusions to the question on the size of the audience in relation 

to influence. 
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In their 2014 Understanding Twitter Influence in the Health Domain, 

McNeill and Briggs present an applied focus to a specific domain, trying to define 

how influence operates in Twitter on the context of medical services, their 

approach is sociological and psychological, they argue quantitative methods while 

concurrent with qualitative are limited and can only go so far in their descriptive 

power. This article was released in 2014 too. [34]. 

Simmie, Vigliotti and Hankin published also in 2014: Ranking twitter 

influence by combining network centrality and influence observables in an 

evolutionary model. Presenting an elegant and ML oriented model they rank the 

influence of a tweep according to its node connections [35]. 

We presented an article in 2016 regarding a method to increase reach and 

impact on social media. This method, while pointing to technical aspects, is based 

on content structure. It is, thus, psychosocial and technological in nature and not 

related to the computer science field. 

Garcia, Mavrodiev, Casati and Schweitzer released: Understanding 

Popularity, Reputation, and Social Influence in the Twitter Society, just one year 

ago in 2017, they compute network information on a large dataset of 40 million 

users, creating new global measures of reputation utilizing the D‐core 

decomposition and bow‐tie structure of the Twitter follower network ascribing 

popularity, reputation, and social influence to evaluate a host of behaviors. This 

method is of uttermost interest and importance and its being considered as a 

replacement for the simple metric we developed.  [36]. 

Ma, Li, Bailey and Wijewickrema present a method for: Finding 

Influentials in Twitter. Using a temporal influence rate (TIR) they observe and 

characterize the behaviors of tweeps for a two-month period. They then use ML 

techniques to identify influential users within the vast network and classify them 

with a higher accuracy than other, more numerical, approaches. [37]
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Chapter 3 

Automatic Detection of Linguistic Features of 

Influential News Tweets 

 

As the world moves towards automation of intellectual tasks, the relevance of 

natural language processing (NLP) comes to the forefront as one of the latest 

strongholds of human dominance. Part of this comes from the inherent complexity 

that human language   possesses. At first glance structured and ordered, language 

is a patchwork of elements on an entity that continuously evolves, with 

interpretations that diverge from person to person and multiple levels of 

discourse, among many other intricacies. 

Human work that involves the use of language falls often into the categories of 

analytical or creative, and ofttimes a mixture of both. In the particular endeavor of 

news reporting and distribution, one of the most important tasks –often 

responsibility falling, not on the reporter, but on the editor-in-chief– is the 

generation of headlines for the news. 

This task is highly akin to the writing of tweets for news, because of the 

limited space and word count. In fact, it is a broad practice, to directly tweet the 

news head without modification. 

3.1  Approach 

As the world moves towards automation of intellectual tasks, the relevance of 

natural language processing (NLP) comes to the forefront as one of the latest 

strongholds of human dominance. Part of this comes from the inherent complexity 

that human language   possesses. At first glance structured and ordered, language 

is a patchwork of elements on an entity that continuously evolves, with 

interpretations that diverge from person to person and multiple levels of 

discourse, among many other intricacies. 
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Human work that involves the use of language falls often into the categories of 

analytical or creative, and ofttimes a mixture of both. In the particular endeavor of 

news reporting and distribution, one of the most important tasks –often 

responsibility falling, not on the reporter, but on the editor-in-chief– is the 

generation of headlines for the news. 

This task is highly akin to the writing of tweets for news, because of the 

limited space and word count. In fact, it is a broad practice, to directly tweet the 

news head without modification. 

3.1.1  Utility 

It is our contention that the motivation behind news casting is, not only to inform, 

but to influence; not only because the traditional news media have been, from its 

inception, instruments of conditioned power, either in favor or against the 

authority, but because more influence, entails a larger, more engaged audience, 

which in the modern configuration of news media as businesses is a requirement. 

In this scenario the move towards automation is desirable if not indispensable, 

in order to preserve the audience of the newspapers and other traditional media. 

 

3.1.1.1 Automation 

Automation, is, in our view a force for good relieving humans from menial works, 

producing more wealth and making a better world possible. It is, therefore, 

desirable and worth working towards it. 

In order to eventually produce influential news tweets automatically it is 

necessary, first, to find a method to obtain the linguistic features of currently 

existing influential news tweets, taking the examples from available news twitter 

accounts in the domain of our interest. 

 

3.1.1.2 Traditional Media Relevance 

As it has been stated on Chapter 1 the role of traditional media has been -as 

wielders of conditional power- to provide a counterweight to governmental 

authority, providing an outlet for ideas different, even contrary to the government. 
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It also provide a natural transparency enhancer as the mere fact of shedding light 

on the government’s operation provides a path for accountability. 

Not only that, the advent of social media has brought increasing tribalism, 

polarization and fake news. It is thus of high relevance that traditional media 

maintain or recover their lost influence as a trustworthy source against to which 

compare news from less reputable outlets or even panic or divisiveness profiteers.   

 

3.1.3  Methodology 

 

The methodology for the development of this thesis falls within the realm of 

abductive reasoning and empiricism. We use our previous knowledge and 

inferences, which then we proceed to research trying to find evidence that 

disproves the premises we previously held. Correct and expand our previous 

knowledge with the information gathered by this research, and proceed to 

establish premises and working assumptions. 

We use abductive reasoning to develop a working hypothesis which then gives 

way to a research problem.  

Once the hypothesis and the research problem are established we move 

forward to devise an experiment that cannot test the hypothesis and a set of steps 

that will enable the testing of the hypothesis. For this process it is natural to apply 

an empiricist approach. 

Finally if the hypothesis proves correct we can proceed to piece all the 

previous elements and solve the research problem, and quite probably apply the 

knowledge obtained in a technological solution. 

 

3.1.3.1 Abductive Reasoning 

We can define abductive reasoning in high level as the natural inferences that we 

obtain from a set of related facts, that produces, in turn, a new fact. We can say 

abductive reasoning and common sense are closely related, and, for every-day 

situations, even the same. Abductive reasoning is especially useful when the 
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person applying it has empirically obtained domain knowledge on the topic, since 

inferences will proceed naturally. . 

We present here examples of deductive, inductive, and abductive reasoning, 

these examples are taken from Walton’s Abductive Reasoning [42]: 

Induction: 

Premise A: These beans are from this bag. 

Premise B: These beans are white. 

Conclusion: All the beans from this bag are white. 

As we can see from the specific facts we obtain a generalization or rule. 

Deduction: 

Premise A: All the beans from this bag are white. 

Premise B: These beans are from this bag. 

Conclusion: These beans are white. 

Here we start from a generalization or rule which is then applied to a specific 

case. 

Abduction: 

Premise A: All the beans from this bag are white. 

Premise B: These beans are white. 

Conclusion: These beans are from this bag. 

In this case we have as premises or facts a general rule and a specific case from 

which we obtain a hypothesis. 

As it is clear from the previous examples: deductive, inductive and abductive 

reasoning are complementary the following directed graph represents their 

relationship. 
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FIGURE 3.1 Induction, deduction and abduction relationship 

  

It is important to acknowledge that while abduction provides a natural thinking 

pathway from observable facts to hypothesis it might easily produce a false 

hypothesis if biased attributes are cast upon the original premises. It is thus 

important that the hypothesis obtained from abduction subject to empirical 

corroboration by further collection of data and a critical interpretation that, while 

susceptible of bias itself, it is not vulnerable to the same –or a closely related– 

bias as the abduction itself. 

For the purpose of diminishing the risk of observational and inferential bias in 

the process of obtaining our hypothesis and subsequent research problem we 

design the experiments taking in account the possible biases on the abductive 

process. 

 

3.1.3.2 Empiricism 

Empiricism is the school of thought that privileges observation obtained from the 

senses over information obtained by intuition or reason. In its purest form claims 

a total rejection of rationalism and denies the utility of reasoning alone to produce 

any knowledge. 

A discussion on the validity of the previous statement is, of course, both 

interesting and fruitful with evidence of purely abstract mathematics developed 
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for the sake of mathematical exploration finding their way into exact 

explanations(ref missing) of the natural word and many other ideas, like the 

simulation hypothesis, inclusive(ref missing). This discussion I beyond the scope 

of this thesis, but worth mentioning. 

While empiricism poses a strong rejection of the purist interpretation of 

rationalism in practice both coexist and enrich each other within the scientific 

method. Reason analyzes the data the observation produces and designs the 

experiments through with empirical confirmation will be obtained [43]. 

Empiricism is indeed the basis for the scientific method in all areas where 

experimentation is feasible. Whilst the disciplines that have pragmatic difficulties 

to generate and test experiments rely more heavily on reason to both produce and 

test knowledge. 

For our specific discipline it is possible to design experiments that output 

empirical data. Thus empiricism is adequate to attempt disproving the hypothesis 

we obtained through abduction. 

 

3.1.3.3 Methodology Workflow 

Here we discuss the general methodology for the production of this thesis, step by 

step, representing it, at the end, in a workflow diagram. 

The first step would be to approach the area of interest broadly, being in the 

Natural Language Processing area of Computer Science, and having previous 

professional experience with social networks -from a 

communicational/journalistic perspective- it was easy to set for the analysis of 

tweets as a broad topic. 

We then proceeded to generate a list of possible specific topics and checking if 

they were feasible of completion in time and with our intellectual and material 

resources. Several topics being out of reach we returned to our topics list until we 

set on a topic that was both interesting and feasible: Automatic Detection of 

Linguistic Features of Influential News Tweets. Had the list run out of topics we 
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would have needed to write a new list of possible topics and star the selection 

process over. 

We had previous knowledge of the area of interest and we continued to acquire 

and research for more knowledge and data. Then proceeded to apply the abductive 

reasoning and generate our hypothesis, namely: Linguistic features are relevant to 

news tweet writing. 

We proceed to verify if our hypothesis is susceptible of experimental validation 

through the methods of machine learning, in general, and of Natural language 

processing, in particular. Finding it is so, we move forward to propose our 

research problem, which is: To automatically detect the linguistic features of 

influential news tweets. 

With our research problem in place we continue to design our experiment 

which will be explained in more detail later on this chapter and once all the 

requirements are met we conduct said experiment. 

With the results of our experiment ready we move on to analyze them and 

interpret them with the goal of either accepting our hypothesis or if the data 

doesn’t confirm the hypothesis try to find flaws in every step of the process to 

describe them in the final discussion. 

 

A diagram for the methodology used to produce this thesis is presented in 

Figure 3.2. 

 

3.1.4  Hypothesis 

For the hypothesis we followed the aforementioned abductive reasoning method, 

here we present here our line of reasoning. 

Premise A: News tweets are equal to headlines of news. 

Premise B: Headline writing is an expert writing task. 

Conclusion A: News tweets writing is an expert writing task. 
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FIGURE 3.2 Methodology Workflow 

 

Conclusion A: News tweets writing is an expert writing task. 

Premise C: Expert writing tasks require linguistic expertise. 

Conclusion B: News tweets writing requires linguistic expertise. 

 

Premise D: Linguistic features are relevant to linguistic expertise. 

Conclusion B: News tweets writing requires linguistic expertise. 

Conclusion C: Linguistic features are relevant to News tweets writing. 
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We take conclusion C: “Linguistic features are relevant to News tweets 

writing” as our Hypothesis and move on to develop our Research problem. 

 

3.1.5  Research Problem 

Knowing that machine learning and Natural Language Processing methods and 

techniques have been used to automatically detect characteristics of texts and 

since tweets are texts we formulate our research problem as a task, namely:  To 

automatically detect the linguistic features of influential news tweets. 

 

3.1.6  Experiment 

To determine if the machine has detected the features of influential news tweets, it 

is reasonable to present it with high influence tweets and low influence tweets and 

verify if the automatic algorithm is capable of correctly classify them correctly 

above the baseline.  

The composition of corpus will be further explained in 3.1.8 for the moment it 

suffices to say its 50% high influence tweets and 50% low influence tweets, so 

with a ZeroR algorithm we obtained a 50% accuracy baseline. 

If performance is less than 3% (53% accuracy) above baseline might be 

perceived as statistical error and not confirming the hypothesis. Results above 3% 

and up to 5% (55% accuracy) would be perceived as indicative of the plausibility 

of the hypothesis. 

An outcome of more than 5% and up to 7% (57% accuracy) above baseline is 

desirable, and could be considered as confirmation of our hypothesis. Higher 

numbers might be achieved through optimization and reaching the 20% above 

baseline threshold (70%+ accuracy) would, quite probably be of utility to applied 

projects that seek to improve the influence of news tweets. 
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3.1.7  Our Method 

We developed a tweet influence measure that tries to define the influence of a 

tweet independently of the influence of the account that posts it. With this 

measure we classify the tweets in a multi thousand tweet corpus from which we 

extract attributes such as unigrams, bi-grams, Part of Speech (POS) Unigrams and 

bigrams and transcribe into a WEKA friendly ARFF file.  

We then feed this ARFF file to the WEKA framework and run attribute 

selection and discretization algorithms to reduce the attribute number and 

decreasing floating point operations, thus enabling ourselves to run, with limited 

time, multiple classification algorithms, zeroing in the most efficient ones after 

which we start tweaking parameters for these until we find our highest 

performance algorithm, parameters combination. 

 

3.1.8  Corpus 

Researching NLP scientific literature, as seen in Chapter 2, we could observe that 

the machine learning methods for a variety of tasks require multi-thousand tweet 

corpora. We decided to work with the free twitter Search API which allows a 

theoretical maximum of 3200 tweets but which frequently delivers less.   

Taking this into consideration we judged appropriate to look for several major 

news outlets in our social context: Mexico. Since the newspapers have been the 

more affected on their reach and influence with the advent of social media we 

decided to use national circulation newspapers as the majority of the accounts 

from which the tweets were retrieved. A small group of exclusively on-line news 

outlets were added into the mix for linguistic enrichment purposes, and also for 

side observations and intuition building on the quality of purely on-line media 

outlets tweets vs traditional media tweets. 

We ended up with over forty five thousand tweets classified from most 

influential to less influential according to the measure we developed and that we 

properly describe an explain in 3.2. From these we had to downsize the corpus to 
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a manageable six thousand tweet corpus selecting the top three thousand as the 

high influence and the bottom 3000 as the low influential. 

This reduction allows both for a clear differentiation between the high 

influence and the low influence tweets -eliminating the blurry limits imposed by a 

grading scale- and also for the feasibility of running multiple algorithms and 

tweaks in the time-frames of minutes/hours as opposed to days/weeks. Allowing 

for a more comprehensive algorithmic search space. Which in turn allows, in the 

future, to have a narrower selection of algorithms to test on larger corpora. 

 

3.1.8.1 Retrieval 

Retrieval of the tweets was necessary since we intended to work with Mexican 

news media and corpora of tweets that included all the necessary data four our 

influence calculation was not available. Other sources were either of other 

locations, scopes or with partial data.  

A script to obtain the corpus that better suits our interests was developed and 

its implementation is better described in 3.3. With the intention to share with the 

academic community, not only the corpus but also the script used to obtain it will 

be made publicly available. 

 

3.1.8.2 Composition 

Corpora is produced in Excel Spreadsheet (XLS) as well as in comma separated 

values (CSV) formats. The latter contains only their tweets and their measure 

number, whilst the former contains several more columns presented in the Table 

3.1. 

A script to obtain the corpus that better suits our interests was developed and 

its implementation is better described in 3.3. With the intention to share with the 

academic community, not only the corpus but also the script used to obtain it will 

be made publicly available. 
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TABLE 3.1: Twitter APIs 

Attribute Description Type Example 

User Name of the account also known as 

user or tweep Text el_universal_mx 

Tweet ID Numerical ID for the specific tweet Text 987114874227515000 

DateTime Date and time of the posting of the 

tweet on Twitter. DateTime Thu Apr 19 23:45:00 +0000 2018 
 

Tweet text Original tweet text Text 

Más del 70% de mexicanos disfrutarán 

Mundial en casa, según estudio 

https://t.co/ELSQJglqwA 

https://t.co/KaMo8TDTzZ 

Clean tweet Tweet text in lowercase and deprived of 

special Spanish characters. Text 
Más del 70 de mexicanos disfrutaran mundial 

en casa según estudio https tcoelsqjglqwa 

https tcokamo8tdtzz 

Retweets Number of retweets from current tweet Integer 16 

Likes Number of favorites of the current 

tweet Integer 27 

Account followers Number of followers of the posting user 

account Integer 47543327 

Account following Number of users the current account 

follows. Integer 354 

Account listed Number of Twitter lists that include the 

user account. Integer 73 

code Code assigned automatically via 

selection of the threshold in the script Text hinf 

influence Absolute influence measure developed 

for this work. Float 0.0000056733141799445 

  

 

3.2   Influential Tweet metric 

In order to decide whether a Tweet is influential we needed to have an absolute 

tweet influence metric. This is: a metric that allows us to quantify the influence of 

a tweet independently of the tweep that posts it. The intention behind this is to 

have an objective way to metric the linguistic quality of a tweet.  

Influence in Twitter is a subject of great interest both for academia and the 

industry. Thus, several metrics have been developed to measure the influence of a 

user or a tweet in general. Twitter itself has several internal influence metrics 

available exclusively to the tweep, and not to external users. 
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We decided to move forward and create a metric that serves more closely to 

the purposes of this work. We present the rationale for this in the next section 

3.2.1.  

 

3.2.1  Rationale 

Even when a plethora of influence in Twitter metrics in the scientific literature, 

we found none that attempts to gauge the influence of a tweet independent from 

the influence of the tweep. None of the tweet influence metrics found tried to 

quantify the quality of the tweet based on the values provided by the Search API.   

In order to correctly assess whether a tweet is influential by virtue of its 

linguistic features to obtain an absolute influence metric, trying discount for 

external influences is of uttermost importance.  

We recognized several possible sources of influence other than the linguistic 

quality of the tweet itself, such as: Date and time of the post, coincidence with 

trends or topics of interest, first retweeter, and of course the current influence of 

the user account or even sheer luck. 

 Of these, we considered the current influence of the account both the most 

relevant and the one for which data was more readily available. Thus, we decided 

to focus our efforts in developing a meaningful metric for it and be able to 

discount its effect on the influence of the tweet. 

 

3.2.1.1 Tweet Influence 

Tweets can receive several behaviors that twitter places together under the 

umbrella of interactions, this includes: retweets, responses (comments), favorites 

(likes), clicks on any section of the tweet (including user name, user avatar, 

hashtags, messages, expansion of the text, and click on links) and followings. 

Twitter also keeps record of the impressions (times the tweet was seen by other 

users). Even when Twitter keeps record of all these events they are only available 

to the user that posts the tweet through the Twitter Analytics section in the 

website Figure 3.4.  
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 We can see the buttons twitter presents to the user here Figure 3.3 : 

 

 

FIGURE 3.3 Twitter buttons. 

Source: Twitter. 
 

 To analyze the tweet influence the Search API offers retweets and likes 

(favorites) to the common developer. Even when we acknowledge a better metric 

could be developed with all the data that Twitter records, we restrict ourselves to 

what is at our disposal and try to get the best sense we can from these two 

measures. 

 It is interesting to differentiate pure reach and engagement -which, for some 

purposes would be desirable- from influence or conditioned power. 

 

 

FIGURE 3.4 Twitter Analytics (Tweets tab). 

Source: Twitter. 
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 The reach is the exposition for exposition, identified with the popular adage: 

“Any kind of publicity is good publicity” or “There’s no such thing as bad 

publicity” frequently associated with Phineas T. Barnum the famous circus owner 

and self-publicist. People like Paris Hilton or Kim Kardashian have used it to 

achieve a celebrity status. 

 Conditioned power or influence as explained in 1.1 is the ability to instill 

ideas in the minds of people in such a way that they move in the direction the 

entity wielding the influence wants, and of their own accord.  For this purpose 

mere reach is not enough, it is important also to have achieve a positive 

acceptance of the message from the public. Ascribing to our definition of 

influence, in 3.2.2.1 we describe how we use the retweet to favorite ratio as a 

supplement or detriment in the reach of the tweet. 

 Discussion about the importance of celebrity in conditioned power -especially 

given the Trump phenomenon- is, of course, interesting yet outside the scope of 

this work. 

   

3.2.1.2 Account Influence 

Account influence should not be naively equated to the number of followers, the 

number of tweeps the account follows is important to determine whether the 

account is influential, influenced or scammish.  

 If an account has more followers than those it follows we can assume its 

influential, the bigger the difference the higher the influence. On the opposite side 

we can have an influenced account, for which the number of followers is smaller 

than the number of followed accounts.  

 A spam account can be identified by an equal or very similar number of 

followers and followed users, this is due to a common practice known as “follow 

for follow”, which consists in following users that promise to follow you back, 

and promising to do the same. This accounts are considered as spammers by the 

community because they do not follow another user because they find their 

content relevant or interesting, but for the follow back. 
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 We try to factor this into our metric through a follower to followed ratio, the 

way we account for this is explained in 3.2.2.2. 

 The last measure we obtain for the account is the number of lists in which it 

appears. A list can be created by any tweep to categorize the accounts it follows. 

This lists are useful to group several followed accounts under one topic, thus 

making it easier to get a detailed overview on the specific topic that is difficult 

from the main timeline where all the followed accounts appear mixed. 

 Appearing in a number of lists is important since it indicates that the user who 

follows the account is taking an extra action, implying interest, hence, influence. 

Other reason for its importance is that the tweets of the account stay for longer on 

the top of the list because of its chronological nature. In a regular timeline they 

will be pushed down almost immediately if the user, as its common, follows more 

than a few dozens of accounts. 

 

3.2.1.3 Absolute Tweet Influence 

An absolute tweet influence metric will try to quantify the influence of the Tweet 

per se interdependently of other factors that might propel the tweet to have a 

higher impact, as mentioned before, these factors might be of varied nature but we 

considered the influence of the account to be the most relevant. 

 In this case, once we have obtained the tweet influence and the account 

influence we can obtain a ratio of tweet to account influence and this will give us 

a closer approximation to the linguistic quality of the tweet. Therefore, allowing 

for a more accurate classification that will let us better tag the instances in our 

corpus. 

 As it is evident this might cause trouble where low numbers of tweet 

influence meet low numbers of account influence. For the moment we deal with 

this issue by selecting influential accounts for our corpus though a more general 

calculation that avoids this problem is certainly within our future goals. 
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3.2.2  Construction 

The influence metric was constructed trying to incorporate knowledge, and 

inference into a model that can, with the available data, give a more accurate idea 

of the influence a tweet gets through the way it is crafted rather than just taking a 

high number of interactions as indicative of influence. 

 We proceed to explain every part in the following sub-sections. 

 

3.2.2.1 Tweet Influence metric 

For this section we have the numbers provided by the Search API and already 

mentioned in 3.2.1.1 namely: the amount of retweets and the times the tweet has 

been marked as favorite. We will represent the retweets as 𝑟 and the favorites as𝑓. 

The influence of the tweet will be named  

  Our idea is to count the number of interactions 𝑟 + 𝑓 and use the ratio 
𝑟

𝑓
 to 

increase the number of interactions if the 𝑓 < 𝑟, remain the same if 𝑓 = 𝑟 and 

reduce the interactions if 𝑟 > 𝑓. The rationale behind this is that a high number of 

retweets with few favorites (represented by a heart on the platform) most likely 

suggest the tweet is being shared with the purpose of criticizing or making fun of 

it. An equal number hint a neutral position and a higher number of favorites than 

retweets likely implies that the tweet is perceived positively. 

 The natural logarithm the desired property of taking ratios over as positive, at

as neutral, and under as negative while providing the robustness of working 

with large disparities between the numbers without growing out of control. 

 We combine this with the number of interactions as a percentage in the 

following manner: 

 
𝑖𝑛𝑓𝑡 = (𝑟 + 𝑓) ⋅ (1 +

ln(
𝑓

𝑟
)

100
)  

(3.1) 

Which by distributive law becomes: 

 
 𝑖𝑛𝑓𝑡 = 𝑟 + 𝑓 +

𝑟⋅ln(
𝑓

𝑟
)

100
+

𝑓⋅ln(
𝑓

𝑟
)

100
  

(3.2) 
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Then by common factor: 

 
𝑖𝑛𝑓𝑡 = 𝑟 + 𝑓 +

𝑟⋅ln(
𝑓

𝑟
)+𝑓⋅ln(

𝑓

𝑟
)

100
  

(3.3) 

 We use this form as our metric of tweet influence.  

 

3.2.2.2 Account Influence metric  

As described in 3.2.1.2 we sustain that the mere number of followers is not 

enough to determine the influence of the account. The follower to followed ratio 

and the number of lists the account appears in will be considered as part of the 

metric. We will define this metric as 𝑖𝑛𝑓𝑡𝑤𝑡, the follwers as 𝑤, the friends or 

followed as 𝑑, and the number of lists as 𝑡.  

 Applying the rationale presented in the aforementioned sub-section we try to 

integrate the 
𝑤

𝑑
 ratio in a similar fashion to the 

𝑓

𝑟
 ratio in the tweet influence 

metric. We consider 𝑡 to be a significant number that should be added directly to 

𝑤 nevertheless its magnitude is much smaller to it so we increase 𝑡 by a factor of 

10. Acknowledging we selected this factor arbitrarily we prefer to add this factor 

as a parameter 𝐴 that can be adjusted as more knowledge is acquired or if applied 

to a different domain. 

 We construct our formula like: 

 
𝑖𝑛𝑓𝑡 = (𝑤 + 𝐴 ⋅ 𝑡) ⋅ (1 +

ln(
𝑤

𝑑
)

100
)  

(3.4) 

Then by distributive law: 

 
𝑖𝑛𝑓𝑡 = 𝑤 + 𝐴 ⋅ 𝑡 +

𝑤⋅ln(
𝑤

𝑑
)

100
+

𝐴⋅𝑡 ⋅ln(
𝑤

𝑑
)

100
  

(3.5) 

 

Finally by common factor: 

 
𝑖𝑛𝑓𝑡 = 𝑤 + 𝐴 ⋅ 𝑡 +

𝑤⋅ln(
𝑤

𝑑
)+𝐴⋅𝑡 ⋅ln(

𝑤

𝑑
)

100
  

(3.6) 

 

 We use this form as our metric of account influence.  
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3.2.2.3 Absolute Tweet Influence metric 

Our absolute tweet influence metric is the simple ratio 
𝑖𝑛𝑓𝑎

𝑖𝑛𝑓𝑡
 . We define this as 

𝑖𝑛𝑓𝑡𝑤𝑡. Expressed in its minimal form: 

 𝑖𝑛𝑓𝑡𝑤𝑡 =
𝑖𝑛𝑓𝑡

𝑖𝑛𝑓𝑎
  (3.7) 

We can also express it as a working version: 

 

𝑖𝑛𝑓𝑡𝑤𝑡 =
𝑟+𝑓+

𝑟⋅ln(
𝑓
𝑟

)+𝑓⋅ln(
𝑓
𝑟

)

100

𝑤+𝐴⋅𝑡+
𝑤⋅ln(

𝑤
𝑑

)+𝐴⋅𝑡 ⋅ln(
𝑤
𝑑

)

100

  

(3.8) 

 

To avoid having three layers of fractions we can multiply everything by 1 

represented as 
100

100
: 

 

𝑖𝑛𝑓𝑡𝑤𝑡 =
100

100
⋅

𝑟+𝑓+
𝑟⋅ln(

𝑓
𝑟

)+𝑓⋅ln(
𝑓
𝑟

)

100

𝑤+𝐴⋅𝑡+
𝑤⋅ln(

𝑤
𝑑

)+𝐴⋅𝑡 ⋅ln(
𝑤
𝑑

)

100

  

(3.9) 

 

Which becomes: 

 
𝑖𝑛𝑓𝑡𝑤𝑡 =

100𝑟+100𝑓+𝑟⋅ln(
𝑓

𝑟
)+𝑓⋅ln(

𝑓

𝑟
)

100𝑤+100𝐴⋅𝑡+𝑤⋅ln(
𝑤

𝑑
)+𝐴⋅𝑡 ⋅ln(

𝑤

𝑑
)
   

(3.9) 

 

This will be the formula for our metric. 

 

3.2.2.4 Simplification 

We can further clean up the formula by defining the following variables: 

 𝑔 = 𝑟 + 𝑓 and ℎ = 𝑤 + 𝑎 ⋅ 𝑡 

 

(4.0) 

 

 This way inft becomes: 

 

𝑖𝑛𝑓𝑡 = 𝑔 + 𝑔 ⋅
ln (

𝑓
𝑟)

100
 

(4.1) 
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And infa becomes: 

 

𝑖𝑛𝑓𝑎 = ℎ + ℎ ⋅
ln (

𝑤
𝑑

)

100
 

(4.2) 

 

Thus: 

 

𝑖𝑛𝑓𝑡𝑤𝑡 =
𝑔 + 𝑔 ⋅

ln (
𝑓
𝑟)

100

ℎ + ℎ ⋅
ln (

𝑤
𝑑

)

100

 

(4.3) 

 

We can also multiply the formula by 1 represented as 
100

100
: 

 

𝑖𝑛𝑓𝑡𝑤𝑡 =
100

100
⋅

𝑔 + 𝑔 ⋅
ln (

𝑓
𝑟)

100

ℎ + ℎ ⋅
ln (

𝑤
𝑑

)

100

 

(4.4) 

 

Which finally becomes: 

 

𝑖𝑛𝑓𝑡𝑤𝑡 =
100𝑔 + 𝑔 ⋅ ln (

𝑓
𝑟)

100ℎ + ℎ ⋅ ln (
𝑤
𝑑

)
 

(4.5) 

 This is the formula we apply on our code, since its cleaner to implement and 

reduces the number of operation gaining a few seconds on large amounts of 

tweets. 

 

3.3  Tweet Downloading Tool 

In order to obtain our news tweets corpus and classify the instances according to 

the absolute twitter influence measure that we developed it was necessary to 

generate a script. This script should produce corpora as close to the final version 

as possible, thus, eliminating the loss of time taken to make multiple scripts 
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compatible. Eliminating also the need to download and install all the 

dependencies on very computer used. 

 

3.3.1  Motivation 

We searched for tools to download tweets with the measures we needed to apply 

and the capacity to download from multiple users at the same time, but we found 

none. Thus, we decided to create our own custom script. Our intention to share it 

with the community was also an important motivation to develop it. 

 

3.3.2  Programming language selection 

While our first attempts were written in Python, we found the twitter libraries for 

this language were lacking some of the features we required to work with, instead 

of using a mixture of incompatible libraries and wrappers we opted to develop the 

program from scratch. For the purpose we turned to PHP and managed the 

connection through an existing lightweight script [44]. 

This helped us reduce the development time and also placing it a on a web 

server the script is readily available from multiple locations. It was also important 

to add portability; since no installation is needed, this script is far easier to 

implement than those requiring libraries and system specific installations. It was 

developed as a web script for easier accessibility. 

 

3.3.2  Requirements 

This script requires a host computer running PHP, this can be done locally or 

remotely; the vast majority of free and paid hosting services support this scripting 

language. No extra packages are needed. Creating a directory is also necessary  

A web browser is needed to run the script. 
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3.3.4  Implementation 

Since this script can receive the parameters via either the GET or POST methods 

of the browser it can be implemented either as an API receiving parameters 

through the URL or as a two part script with a first page form to select options 

and sent through either method. We provide only the GET version under the 

assumption that the two page version, if necessary, is easily implemented in plain 

HTML. 

It is written in functional paradigm, this was chosen over other programming 

paradigms for the simplicity of the task, for which other paradigms would only, in 

our view, add overhead and intricacy with no benefits. The script includes a tweet 

cleaning method, which takes but also, for the XLS and HTML file, leave the 

original tweet available, in separate columns. Our script consists of 126 lines 

only.  

 

3.3.4.1  Code 

The connection script [44] and the script we developed can be found in the 

following Bitbucket:   

https://christianemaldonado@bitbucket.org/christianemaldonado/twitgrabber

.git 

 

3.3.4.2 Sample Outputs 

In this subsection we present the output of the script, first a rather simple selection 

screen, then the three types of representations of the corpus these are presented in 

the  Figures 3.5 to 3.8. 

 

about:blank
about:blank
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FIGURE 3.5 Download screen. POST method version, zoomed in. 

 

  

 

FIGURE 3.6 Excel file as produced by the script 
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FIGURE 3.7 Comma separated values file as produced by the script. 

 

  

 

FIGURE 3.8 HTML file as produced by the script. 

 

3.4  Automatic Detection of Linguistic Features of 

Influential News Tweets 

With all the preparation in place we moved forward to start our experimentation, 

attempt to solve our research problem, and prove or disprove our hypothesis. This 

section presents the steps taken during our experiments. 
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3.4.1  Data Preparation 

We downloaded corpora with different compositions, varying the number of 

tweeps and also the number of tweets per account. We started with smaller 

corpora on the order of 2000 to 4000 tweets and progressed towards larger 

corpora with the largest and final corpus being conformed by all of our sources 

with the maximum number of tweets. 

 It was important to have these progressions as we used TagHelper Tools and 

WEKA for attribute obtention and the classification task itself, thus, the problems 

needed to be loaded on memory and were not subject to speed-ups via GPU.  With 

the smaller corpora we were able to test out if the number of tweeps selected for 

the corpus had any impact on the classifying ability of the algorithms and also to 

test a broad selection of algorithms in shorter times.  As we grew the size of the 

corpora we were able to start out with the most promising algorithms while we 

tested the limits of the system with the available memory and also different 

attribute selecting filters that made the experimentation with the final corpus more 

efficient. 

 We found that the usage of a broader variety of accounts increased the 

classifying ability of the algorithms in general. 

 

3.4.1.1 Attribute Obtention 

After trying different sets of attributes independently we decided to use word 

unigrams, word bigrams, POS unigrams and POS Bigrams. This selection entailed 

a high dimensionality for our corpus and attribute file, for the obtention of the mix 

of attributes we used the algorithm implemented in TagHelper Tools. 

 This algorithm uses our selection of features but also runs an optimization to 

obtain the most representative and finally outputs an ARFF file, ready to be 

introduced in WEKA. 
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3.4.2  Data Optimization 

After obtaining the ARFF file it was necessary to further reduce the attributes 

since the model was still heavy and allowed only for testing with very small 

corpora. We opted to use the algorithms in WEKA under the Preprocess tab. 

 

3.4.2.1 Attribute Selection 

We used the supervised filter AttibuteSelection using the Correlation-based 

feature selection algorithm as evaluator [39], which decides the worthiness of a 

group of attributes according to the individual predictive ability of every feature 

and the level of redundancy amongst them. For the exploration of the attribute 

space Best First algorithm was used. This algorithm hill-climbs in a greedy 

fashion and is improved with backtracking capability. 

 The outcome was a reduction from 5,000+ attributes to only 135. This both 

augmented our precision, marginally though, and increased the speed of the 

algorithm executions. Even enabled some algorithms -like Random Forest and 

Multi-Layer Perceptron-, to run, since with the larger number of attributes this 

was impossible within a sensible timeframe. 

 

3.4.2.2 Attribute Discretization 

Attribute discretization is optimal for problems like ours where there are nominal 

attributes, elimination any continuous values by applying boundaries as explained 

in 2.4.2 with the robust solution by Fayyad [41]. 

 This Weka attribute filter further reduces the execution time while retaining 

cuasi-equal precision, with minimal fluctuations both up and down depending on 

the algorithm. It is indeed true that discretization is unsuitable for certain 

algorithms, such as: Linear Regression, Gaussian Processes and Naive Bayes 

Multinomial among others), but it is also true that none of the algorithms 

outperformed our top selection in tests with smaller corpora. 
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3.4.3  Experimentation 

As explained before our main experimentation process started with a smaller 

subset of general algorithms obtained from performance tests on smaller corpora.  

 

3.4.3.1 Baseline 

 is evident, it lacks predictive power, but serves as a baseline standard. Since our 

corpus is balanced and has only two classes: hinf and linf the obvious outcome is 

that the algorithm shows a precision of 50%. This result corroborates the correct 

composition and balance of our corpus. the obvious outcome is that the algorithm 

shows a precision of 50%. This result corroborates the correct composition and 

balance of our corpus.  

 

3.4.3.2 Algorithms Applied 

The algorithms that were selected through the process described on 3.4.3 were: 

1. Naive Bayes 

2. Naive Bayes Updateable 

3. Tree J48 

4. Random Tree 

5. Random Forest 

6. Voted Perceptron 

7. Lazy IBk 

8. Zero R (baseline) 
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An initial run with the standard parameters provided by WEKA for these 

algorithms was executed. While all these algorithms had a performance above 

70% Voted Perceptron reached 76.875% prior to any tweaking. 

The rest of the algorithms delivered results like this Naive Bayes and 

Naive Bayes Updateable showed no difference at 70.341%, Tree J48 got a 

precision of 71.016%, Random Tree produced 71.058%, Lazy IBk 72.229%, 

Random Forest did not complete with final 7000 tweet corpus (even already 

streamlined) corpus due to memory overflow. 

 We decided to tweak all the algorithms but focus on Voted Perceptron due to 

its clear superiority. For Random Forest we tried a 6000 tweet balanced with the 

same optimizations corpus and it eventually completed with an outstanding and 

promising 74.667% on initial parameters, it was duly noted but we decided to 

adhere to the algorithms that completed under the standard corpus, instead of 

using the downsized one for the rest of the tests. This decision was further 

supported by the fact that Random Forest took over 8 hours to run on the 

equipment available for experimentation, orders of magnitude over all the other 

algorithms. 

 

  

3.4.3.3 Algorithm Tweaking 

Several configurations were tested for all the algorithms mentioned in the 

previous to last paragraph (save for Random Forest for the stated reasons), the 

final results improved in general but Voted Perceptron got the best result still at 

78.87% after reducing the size of the slice from 100 to 10, applying kerning and 

doubling the number of perceptrons; higher numbers decreased accuracy.  

The detail on the results of all the algorithms and best found configurations 

for all of them will be presented in chapter 5: Results. 
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3.4.3.4 Validation Method 

We opted to deliver a single test/training corpus and run a 10-fold cross 

validation. We found this, for our purposes, both more robust and more 

convenient. K-fold cross validation works by slicing the data set in K folds and 

training in K-1 sets while testing on the remaining set. This action is repeated K 

times changing the sample fold on each iteration, this is: 

 

𝐸 =
1

𝐾
 𝛴𝑘

𝑖=1 𝐸𝑖 (1) 

 

We show a graphical representation of the method Figure. 3.9. This method is 

widely accepted as a valid method to diminish bias, overfitting and demonstrate 

generalization, especially on classification problems [45]. 

 

 FIGURE 3.9 Graphical explanation for K-fold cross validation. 

Source: Wikimedia 
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 Chapter 4 

4  Results 

Our results are presented in this chapter, we put forward the algorithms and 

conrations that delivered the best results on the on the 6,000 tweet corpus 

described in 3.1.8. As specified in 3.4.3.1 we used ZeroR as our baseline. 

 Our results fell within the range of our most optimistic expectations, as 

thoroughly described in the following sections. Of special interest is table 4.2 as it 

contains all the results from the stronger algorithms and configurations. 

 It is noteworthy that all of the stronger algorithms top over 70%, this is: more 

than 20% above the baseline. We derive an important insight; not only on the 

algorithms are strong for classification on this type of problem and corpus, but 

also, the broad spectrum of families from where the algorithms come from is 

indication that the problem can be generalized, and that linguistic characteristics 

are strong. It is also encouraging to know that, if needed, faster performance can 

be obtained a cost of some precision. 

  

4.1  Experimental Results 

The selected method for validation is 10-fold cross validation. Nevertheless, for 

the initial evaluations a 4-fold cross validation was used to limit execution time 

and facilitate zeroing in on the more suitable algorithms. Once in the final stage 

10-fold was used in every experiment. 

Experimental results are presented for eight algorithms: Naive Bayes, 

Naive Bayes Updateable, Tree J48, Random Tree, Random Forest, Voted 

Perceptron, Lazy IBk and Zero R (baseline). 
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4.1.1  Corpus 

Our corpus is comprised by 6,000 instances of tweets from several major Mexican 

news outlets, most of them traditional, but 22% internet based. Our sources are 

(internet based in italics): 

1. @Reforma 

2. @Excelsior 

3. @Milenio 

4. @ExpansionMX 

5. @ElFinanciero_MX 

6. @ElEconomista 

7. @LaJornadaOnline 

8. @PajaroPolítico 

9. @SinEmbargoMX 

The tweets are in Spanish but as preprocessing they had every Latin 

character to its standard form, for instance ‘ñ’ turns to ‘n’, ‘á’ turns to ‘a’ and so 

on. URLs were kept but modified discarding colons and dashes, for security 

purposes. This is, since the files are pre-processed in Microsoft Office Excel web 

addresses with malicious content might be activated inadvertently. 

We started out with 26,370 instances of the tweets pondered according to 

our influence metric, the file does not order the instances according to this metric 

since it downloads all the available tweets from a user at a time. The output file 

has extra information columns too. These need to be removed for the final version 

of the file if XLS format is preferred for any reason, CSV files do not have the 

extra columns. Both files need to be ordered by influence, nonetheless. 

We order the files in descending order as we proceed to take the top 3,000 

instances and label them “hinf” –short for highly influential–, and the bottom 

3,000 tweets “linf” –obviously, lowly influential–. This is the version that can be 

read by TagHelper Tools and we move forward to prepare our corpus for its final 

destination as a WEKA compatible ARFF file.  
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4.1.2  Results 

As mentioned before Voted Perceptron was the best algorithm we found. We 

proceeded to tweak the parameters and found some optimal set. We acknowledge 

more tweaking may deliver an even better performance, yet time is always 

limited. We applied several iteration increasing the original values, in the case of 

the batch size decreasing. 

The full output of results can be found in fig 4.1 

As we can observe the true positives rate (TP rate) exceeded the overall 

precision, reaching 0.800 out of 1.000 possible in the hinf category. This shows 

that the algorithm is better classifying the highly influential, which is in the end, 

desirable, to apply the method for use in commercial applications. Out of the 3000 

highly influential tweets 2400 were classified as such, while slightly, yet 

significantly less 2292 were correctly classified as lowly influential. 

While it is not the purpose of this section to describe in detail every 

metric, it is noteworthy that looking at their weighted averages there is consensus 

on the result. Outstanding numbers are the false positive (FP) rate which of course 

is the complement of the true positive (TP) rate and the Matthews correlation 

coefficient (MCC) which also departs from the vicinity of 0.78, solely because 

instead of handling a scale between 0 and 1 it is between -1 and 1.  This is, 

naturally, a feature from the balanced composition of the corpus, but also a sign of 

consistency across metrics. 

In table 4.1 we present a second configuration for voted perceptron that 

outperformed the overall winner in TP rate, which is important for the purpose of 

identifying the influential tweets, this configuration obtained 2414 as opposed to 

2400 from the overall best. This is noticeable in the competing metrics between 

the last two rows. The “Best TP” configuration also takes 1/10 time to build its 

model compared with the overall winner.  

In table 4.2 we can see how when taking in account both highly and lowly 

influential classes weighted average we have a best overall configuration. 
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FIGURE 4.1 Voted Perceptron, Final configuration output. 
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TABLE 4.1: Results showing the highly influential category  

Algorithm 

Correctly 

Classified 

Instances 

Correctly 

Classified 

Instances % 

Highly Influential Time Taken 

to Build 

Model 

(Seconds) 

TP Rate Precision Recall F-Measure MCC 

ZeroR 

(Baseline) 
3,000 50.0000% 1.000 0.500 1.000 0.667 ? 0.01 

J48 4,427 73.7710% 0.789 0.716 0.789 0.751 0.478 0.84 

Lazy IBk 4,446 74.0877% 0.791 0.719 0.791 0.753 0.484 0.01 

Random Tree 4,446 74.0877% 0.792 0.719 0.792 0.753 0.484 0.22 

SGD 4,454 74.2210% 0.790 0.721 0.790 0.754 0.487 1.94 

Naive Bayes 4,616 76.9205% 0.744 0.784 0.744 0.763 0.539 0.24 

Naive Bayes 

Updateable 
4,616 76.9205% 0.744 0.784 0.744 0.763 0.539 0.09 

Voted 

Perceptron 

(Best TP) 

4,679 77.9703% 0.804 0.767 0.804 0.785 0.560 1.36 

Voted 

Perceptron 

(Overall 

best) 

4,692 78.1870% 0.800 0.772 0.800 0.786 0.564 13.88 
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TABLE 4.2: Highly and lowly influential classes weighted average. 

Algorithm 

Correctly 

Classified 

Instances 

Correctly 

Classified 

Instances % 

All classes weighted average Time Taken 

to Build 

Model 

(Seconds) 

TP Rate Precision Recall F-Measure MCC 

ZeroR 

(Baseline) 
3,000 50.0000% 0.500 ? 0.500 ? ? 0.01 

J48 4,427 73.7710% 0.738 0.740 0.738 0.737 0.478 0.84 

Lasy IBk 4,446 74.0877% 0.741 0.743 0.741 0.740 0.484 0.01 

Random Tree 4,446 74.0877% 0.741 0.743 0.741 0.740 0.484 0.22 

SGD 4,454 74.2210% 0.742 0.744 0.742 0.742 0.487 1.94 

Naive Bayes 4,616 76.9205% 0.744 0.784 0.744 0.763 0.539 0.24 

Naive Bayes 

Updateable 
4,616 76.9205% 0.769 0.770 0.769 0.769 0.539 0.09 

Voted 

Perceptron 

(Best TP) 

4,679 77.9703% 0.780 0.780 0.780 0.780 0.560 1.36 

Voted 

Perceptron 

(Overall 

best) 

4,692 78.1870% 0.782 0.782 0.782 0.782 0.564 13.88 
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4.1.2  Configurations 

In this subsection we present the table 4.3 with the algorithms and the selected 

parameters. Since different algorithms both share or have equivalent parameters 

but also differ, some will appear as not applicable (NA). 

 

TABLE 4.3: Algorithms and configurations. 

Algorithm 
Batch 

Size 
Debug 

Num 

Dec 

Kern 

Estim 

Sup 

Discr 
Epochs 𝛆 ƛ Func Seed Folds Iter. MaxK Exp. 

ZeroR 100 F 2 NA NA NA NA NA NA NA NA NA NA NA 

SGD 10 F 2 1 NA 500 1 1 
Hinge 

SVM 
1 NA NA NA NA 

Lasy IBk 100 F 2 NA NA NA NA NA 
Linear

NN 
NA NA NA NA NA 

J48 10 F 2 NA NA NA NA NA NA 1 3 2 NA NA 

Random 

Tree 
10 F 2 NA NA NA NA NA NA 1 0 NA NA NA 

Naive 

Bayes 
100 F 2 T F NA NA NA NA NA NA NA NA NA 

Naive 

Bayes 

Updateable 

100 F 2 T F NA NA NA NA NA NA NA NA NA 

Voted 

Perceptron 

(Best TP) 

10 F 2 NA NA NA NA NA NA 1 NA 1 20000 2 

Voted 

Perceptron 

(Overall Best) 

10 F 2 NA NA NA NA NA NA 1 NA 3 20000 2 

 

The parameters for the best configuration gave a better precision while 

diminishing the execution time raised by the growth in the number of perceptrons. 

The final parameters for this algorithm were: 

1. Batch Size = 10 
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a. Decreasing from the default batch size of 100 did not improve 

precision but it reduced the execution time substantially. 

2. Exponent = 2 

a. Exponent for the polynomial kernel, this parameter increases the 

number of perceptrons. Default number is 1. 

b. Perceptrons with this configuration reached 5400. It increased 

execution time 4-fold approximately, but precision increased 

nearly 2% from this adjustment. 

3. MaxK = 20000 

a. Increased from the original 10000, this number represents the 

maximum number of alterations to the perceptron. 

b. This tweak increased precision by over 1% 

 

 The rest of the parameters remained untouched, changes were tested but no 

improvements found.  
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Chapter 5 

5  Conclusions 

Our best results provided a precision of more than 28% above baseline, this is a 

precision of 78.187%. This precision is well above statistical error, thus solving 

our research problem satisfactorily. Since the algorithms displayed predictive 

power using linguistic features as inputs it is sensible to conclude that our 

hypothesis is true and linguistic characteristics are an important part of influential 

news tweets writing. 

 Given the level of precision, which is, presumably improvable through more 

experimentation we are prone to conclude this method can be applied to specific 

uses within the news, marketing and public relations industries, applications for 

diverse areas that use social media influence (i.e. through social media marketing) 

for political, commercial and social issues.  

 

5.1  Interpretation 

play, indeed, an important role on the influence of a tweet. Conversely, while the 

influence of the account is undeniably important in improving the reach and 

influence of any particular tweet (for instance a tweet from @KatyPerry account -

most influential tweep circa 2018- will never go unnoticed no matter how dull or 

poorly written) the linguistic component plays an important role too. important 

role on the influence of a tweet. Conversely, while the influence of the account is 

undeniably important in improving the reach and influence of any particular tweet 

(for instance a tweet from @KatyPerry account -most influential tweep circa 

2018- will never go unnoticed no matter how dull or poorly written) the linguistic 

component plays an important role too. 

 

5.1.1  Considerations 
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While our corpus was diverse in accounts from the news scene in Mexico it is 

important to acknowledge that it was also diverse in topics, an idealized corpus 

would be one in the thousands of tweets from different sources, all on the same 

topic. This would discount the influence of the topic itself that, since it is encoded 

linguistically, has a weight as a linguistic feature, and quite probably a heavier 

weight than other lexical characteristics that is not accounted for within our 

model. 

 This is an important consideration when attempting to generalize our model 

since, for the specific news domain it is not a life or death issue -news is, by 

definition, time sensitive, so this complexity is intertwined in its line of work-, but 

for wider uses where the scope is to drive a message that is not aligned with the 

trends (i.e. public relations) it might prove a hindrance. 

 To move forward in the generalization of our method to other domains we 

foresee two paths that can be advanced simultaneously. The first is to tweak the 

corpus, using a much wider tweep base, within a shorter time frame. A rough 

example would be to grab the tweets for the day from a few dozens or hundreds of 

identified domain-related influential tweeps and extract the most significant 

features.  

 The other path is, of course, the improvement of the metrics and the 

incorporation of the topic-driven influence as a factor to ponder, this clearly will 

put forward a stronger, more robust model, but requires re-thinking the problem. 

 

5.2  Industrial Applications 

The scientific endeavor is, arguably, the single most potent driver of economy and 

innovation. Basic and applied research will, ideally, find a path towards 

engineering and industrial uses. This path is important as it creates a positive loop 

that empowers and rewards entities that follow it. 
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 Since the proposition of this work was developed as an application of 

machine learning to an unexploited area. Thus, this method, almost without 

change can directly be applied for commercial applications. 

 

 

5.2.1  News Tweets Pre-publishing 

This method can be applied to pre-publishing of news and consequently news 

tweets. The envisioned form of application is to select the news organization 

competitor’s tweets for the corpus. Train the algorithm on this corpus and then 

offer the editors a text field (on any platform) where they can test multiple 

headings for the same tweet which will be evaluated by the trained algorithm and 

see if it is classified as highly influential or lowly influential by the algorithm. 

This information, in turn can be used for decision making on which news head to 

publish. 

 Since the training of the algorithm on a few thousand instances of tweets is 

trivial consuming only a few minutes, this can be done several times a day to 

include the latest tweets in the corpus if the competing sources are prolific.  

 

5.2.2  Similar domains 

As discussed before in 5.2.2 this method can be applied to domains similar or 

related to news publishing hereafter we briefly describe the application in every 

domain. 

 

5.2.2.1 Commercial Advertising 

While tweets that can be influential are a widespread goal, perhaps, no industry 

wants to improve the reach and influence of their tweets as the commercial 

advertising companies. The application of the method for this purpose would 

require changing the formula for tweet influence to diminish the weight of a 

negative favorite to retweet ratio. Since for this domain the pure reach is also 

important. 
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5.2.2.2 Governmental PR 

For this domain, in contrast to commercial, the perception and influence is more 

important than reach itself. This area presents the added difficulty that presents an 

uphill battle against a de facto ill perception due to a general distrust of politicians 

and government officials. In this case the corpus must incorporate a time shallow 

tweets selection from a broader base of tweeps that are domain related. And the 

formula should be tweaked to elevate even further the weight of the favorite to 

retweet ration in the tweet influence metric.  

 

5.2.2.1 Political Campaigns 

For political campaigns the challenge is similar to Governmental PR but an 

emphasis on reach is also needed. For this application we would apply the 

configuration for Governmental PR and couple it with a traditional strategy for 

reach and impact. [30]  

 

5.3 Future Work 

Several improvements can be applied to our method to both, further improve its 

precision and generalize it too. For the former, the obvious path is further 

experimentation larger and broader corpora and trying new algorithms. Steps for 

the latter have already been discussed in 5.1.1. 

 This method can be used as part of a broader algorithm, moving further 

towards automation. In short: as the evaluating part on an adversarial 

reinforcement learning set-up in which the other algorithm is a text generator. To 

act as a capable adversarial algorithm more precision is required, yet having these 

promising results we look to further improve the results trying new algorithms, 

parameters, and corpora compositions.  
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