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ABSTRACT 

The technological expansion in recent years has created opportunities for competitive 

advantage by applying new Data-driven approaches to Data-driven Marketing practices. 

Large and small companies from diverse sectors can take advantage of the enormous 

amount of data generated to develop new business models, open new sources of revenue 

and initiate disruptive innovations. 

This dissertation seeks to analyse the use of different sentiment analysis models for data 

disclosed on social networks, specifically on Twitter, in a set of disclosures classified as 

Nonprofit Marketing. This study seeks to innovate in the contribution to knowledge by 

studying for the first time the relationship between message predictors and user 

Engagement on Twitter by Nonprofit Organisations. 

In this study, the quantitative method is used with the application of Machine Learning 

techniques for classifying tweets based on Positive, Negative and Neutral sentiments. The 

collected data were subordinated to statistical studies, namely Spearman's correlation. 

This research in the Nonprofit Marketing sector demonstrates that it is possible to predict 

which sentiment expressed in the message will have the best Engagement, thus generating 

innovative communications for followers that will lead to increased interaction. It should 

be noted that Positive messages tend to affect user Engagement negatively. 

Keywords: Data-driven Marketing; Nonprofit Marketing; Nonprofit Organisations; 

Machine Learning; Sentiment Analysis.  
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RESUMO 

A expansão tecnológica ocorrida nos últimos anos cria oportunidades de vantagem 

competitiva ao aplicar novas abordagens orientadas a dados às práticas de marketing. 

Empresas grandes e pequenas de diversos setores podem aproveitar a enorme quantidade 

de dados gerados, para desenvolver novos modelos de negócios, abrir novas fontes de 

receita e iniciar inovações disruptivas. 

Esta dissertação procura analisar a utilização de diferentes modelos de análises de 

sentimentos para dados divulgados em redes sociais, mais especificamente no Twitter, 

em um conjunto de divulgações classificadas como Nonprofit Marketing. Este estudo 

busca inovar na contribuição ao conhecimento ao estudar pela primeira vez a relação entre 

o sentimento da mensagem e o Engagement do utilizador nos perfis do Twitter de 

Organizações sem Fins Lucrativos.  

Neste estudo é utilizado o método quantitativo com aplicação de técnicas de Machine 

Learning para a classificação dos tweets com base em sentimentos Positivos, Negativos 

e Neutros. Os dados recolhidos foram subordinados a estudos estatísticos, nomeadamente 

correlação de Spearman. 

Esta pesquisa no setor do Nonprofit Marketing demonstra que é possível prever qual o 

sentimento expresso na mensagem terá o melhor Engagement, podendo assim gerar 

comunicações inovadoras para os seus seguidores que levarão ao aumento da interação. 

Salienta-se que as mensagens Positivas tendem a ter um efeito negativo no Engagement 

do utilizador. 

Palavras-chave: Data-driven Marketing; Nonprofit Marketing; Organizações sem Fins 

Lucrativos; Machine Learning; Análise de sentimentos. 
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INTRODUCTION 

In this first chapter, the introduction to the theme "Data-driven Marketing", the object of 

this study, refers to the research context, research objectives, and the work structure 

proposed to follow. 

1.1 Contextualization of the study problem 

Technological expansion in recent years creates opportunities for competitive advantage 

by applying new data-driven approaches to marketing practices (Borges et al., 2021). 

Companies large and small across industries can leverage the massive amount of data 

generated to develop new business models, open up new revenue streams and initiate 

disruptive innovations (Ahlemeyer-Stubbe & Müller, 2020). Collecting data from 

different sources such as the Internet of Things (IoT), social media, and search engines 

has created significant opportunities for organizations to take an analytical view in 

developing programmatic marketing approaches (Jabbar et al., 2020). We live in a world 

of rapid technological advances in the digital realm and an abundance of data generated 

in which the consequences for marketing practices have been transformative (Shah & 

Murthi, 2020). 

As the role of marketing has grown in importance over time, prominent thought leaders 

has emphasized the relevance aspect of marketing to a company's business practices 

(Shah & Murthi, 2020), and so we see more and more using data to produce relevant and 

timely marketing proposals (Micheaux & Bosio, 2019). Today, companies increasingly 

need to integrate multiple business functions to acquire, model, analyse and evaluate the 

information required to understand customer behaviour better and, from there, make data-

driven decisions to improve the experience journey (Senvar et al., 2020). 

Data-driven analysis, enabled by information systems, technologies, methodologies and 

practices, such as the use of Big Data, to extract relevant data and its transformation into 

business insights (Nuortimo & Harkonen, 2019) allow better understanding of consumer 

needs and competitors (Meng et al., 2018). 

Technology-enabled marketing practices can deliver improved operational efficiency, 

better marketing insights, and more innovative ways to engage with its customers (Shah 
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& Murthi, 2020) . However, these actions depend on information about consumers to 

perform their actions, such as local variables, momentary geography and a series of 

similar data (Nadler & McGuigan, 2018). 

Data-driven Marketing can be used in several application areas, such as in politics, 

conceptually dealing with the process of collecting and storing information about voters, 

volunteers and actual and potential donors in the production of datasets used to guide 

targeting efforts related to organizing, advertising, and fundraising efforts (Walker & 

Nowlin, 2018). In this way, this process of collecting complex data through online and 

offline channels, analysing it to understand individuals' psyche and activity patterns 

allows the marketing team to develop a highly personalized strategy to connect with the 

targeting, regardless of the activity area (Grandhi et al., 2020). 

1.2  Research objectives 

This dissertation is based on a literature review to investigate how adopting new 

technologies, and data analysis tools helped transform the scope of marketing in 

companies, specifically in the scope of Nonprofit Marketing. In this sense, the objective 

of this work is to study how we can use sentiment analysis to improve our understanding 

of the user and, to achieve this end, we evaluate this approach in a dataset of tweets 

classified as Nonprofit Marketing, which we pre-process these tweets as described in Go 

et al. (2009). To the best of our knowledge, no study has synthesised through a review of 

the literature on Natural Language Processing, the use of a text sentiment classifier using 

Twitter data for Nonprofit Marketing in the integration of a tokenizer and an embedding 

layer. BERT with Convolutional Neural Networks (CNN) is compared to a CNN 

integrated with GloVe.  

In this way, this study seeks to analyse the use of different models of sentiment analysis 

for data released on social networks, namely on Twitter, in a set of disclosures from 

institutions classified as Nonprofit Marketing to assist the decision-making process of 

whether or not to use of promotions to increase/recover user engagement. 

The project's overall objective is to assess which predictors are most important in a range 

of Twitter data from Nonprofit Organisations (NPO) to refine the classification proposed 
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by Okazaki et al. (2015) to capture more detailed communication patterns for 

engagement. 

For this, the specific objectives of this work are to: 

• Study a supervised learning technique to classify the sentiment of the Twitter 

audience according to the categories of engagement needs of NPOs, 

• Extract posts related to the NPO from more than one source of information; 

• Find strengths and points to improve in the communication strategy of the NPO, 

namely user engagement. 

This study seeks to innovate in the contribution to knowledge by studying for the first 

time the relationship between message predictors and Twitter engagement in the context 

of Nonprofit Marketing. The research focuses on nonprofit organisations in the United 

States of America with Twitter accounts. 

1.3 Project organization 

This dissertation is constituted by five chapters organized as follows to achieve the 

objectives of the work. The first chapter shows an introduction to the topic, where a 

contextualization of it is presented, and the research objectives are defined. 

The second chapter is dedicated to the literature review, divided into three major themes. 

The first is Data-driven Marketing and its antecedents, where a historical framework is 

made, presenting the concept and its importance. Then, variables referring to the 

fundamentals of Big Data used in this project will be addressed, more specifically its 

dimensions and respective implications for management and, finally, the topic of 

Nonprofit Marketing, which will focus on its dimensions and its relationship with o Data-

driven Marketing. 

The third chapter is reserved for developing the conceptual framework and, for this 

purpose, the proposed research model and the working hypotheses that support it are 

presented. This chapter also presents the sample and analyses the quality of the measuring 

instruments. 
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The fourth chapter analyses the results and discusses them. In the first step of this chapter, 

the hypothesis test results will be presented. The results will be discussed in a second 

phase, namely, the factors determining how users engage with the selected institutions. 

Finally, in the fifth chapter, the main conclusions of the investigation and the implications 

for marketing are highlighted. Some limitations of this investigation and suggestions for 

future work are also presented. 
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2 THEORETICAL FRAMEWORK 

In this chapter, which aims to provide a theoretical framework for the investigated topic, 

the concept and importance of Data-driven Marketing will first be addressed. For this 

purpose, an approach is applied to the concept of data-driven and its evolution throughout 

history, to theoretical perspectives concerning marketing and description of the factors 

that precede the theme. The following is a review of the literature relevant to the big data 

concepts and tools used in this project. Finally, still in this chapter, a theoretical 

framework of the nonprofit marketing theme is carried out, highlighting the importance 

of its development and growth, organization of resources, and works related to the 

analysis of engagement in Nonprofit Marketing through social networks. 

2.1 Data-driven Marketing 

2.1.1 Overview 

The history of Data-Driven Marketing begins in the 1950s, when there was a conscious 

effort to make marketing more scientific through quantitative techniques such as linear 

programming and time series analysis, in addition to Markov chains (Sheth & Kellstadt, 

2021). Thus, the marketing decision-making process has gained increasingly significant 

importance with the development of analytics and the advancement of the digital age 

(Grandhi et al., 2020). 

The promise of leveraging big data and analytics capabilities into a company's strategy 

has increased pressure on marketing departments to make data-driven analytics central to 

marketing decision making (Johnson et al., 2021). Thus, the brand can optimize 

marketing contact with its customers through a coherent and relevant dialogue (Abakouy 

et al., 2019). 

Today marketers have access to an ever-increasing variety and amount of data from 

customers and other stakeholders (Sleep et al., 2019). Using appropriate data mining 

techniques, marketers can turn this data into valuable knowledge for their strategies 

(Bilgic et al., 2021). 

The Internet, the World Wide Web, and Google search engines have made connectivity 

and communication virtually universal (Sheth & Kellstadt, 2021). It is a fact that data 
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drives marketing by helping marketers understand their customers, create effective 

campaigns and send them to relevant people (Abakouy et al., 2019). 

In this way, it is understood that Data-Driven Marketing consists of structuring and 

analysing data to clarify consumer behaviour and expectations (Abakouy et al., 2019), 

and its success depends on how well an organization adopts the practice, in which the 

most crucial indicator of an organization's commitment is the extent of the resources 

invested (Grandhi et al., 2020). 

2.1.2 Data analysis and decision making 

Regarding the use of data in decision-making, literacy has produced solutions using social 

connections to improve business results (Senvar et al., 2020). Through quantitative 

(Ozgormus & Smith, 2020) and qualitative (J. Li et al., 2018) analyses, performance 

increases concerning traditional targeted marketing based on sociodemographic data, 

demographics and prior purchases. 

Different companies are implementing measures to improve the personalization of the 

consumer experience, using marketing tools such as email delivery, ad delivery, content 

management systems (CMSs), website access analysis and social media (Kawada et al., 

2019). However, data-based approaches can help companies to know consumer 

preferences, and, in this case, a prevalent example is the use of consumer preference 

analysis that aims to explain which aspects of a particular product affect the decision of 

consumer purchase (M. Guo et al., 2020) and thus offer increasingly personalized 

approaches. 

An example of this type of approach can be seen in basket/shopping cart data (items 

purchased per customer visit, market basket analysis), where relationships are established 

between departments and opportunities to increase impulse purchases are identified. The 

main objective of this strategy is to find out which products are sold together to develop 

an adjacency matrix based on the actual sales characteristics of a given store (Ozgormus 

& Smith, 2020). The use of analytical tools such as this one serves as the primary source 

of information for marketing analysis. Marketing managers base their strategic decisions 

since the information helps in decision-making and the development of marketing 

strategies, focusing on company success indicators (Miklosik et al., 2019). 
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The literacy further demonstrates how advertisement inventory allocation decisions 

significantly influence revenue management and significantly affect promotion 

performance, the balance between supply and demand, and the structure of the 

programmatic advertising market. Using a data-driven approach can significantly 

improve maximum revenues compared to traditional strategies (H. Li et al., 2017). 

2.2 Big data concepts and tools 

Due to their broad reach and ease of use, social networks are increasingly setting trends 

in topics ranging from entertainment, marketing and technology to politics and public 

health (Pota et al., 2018). The consecutive increase in the volume of text datasets 

generated by these means and the countless research directions in the overall ranking have 

created an excellent opportunity for a comprehensive assessment of current achievements 

in research on this topic (Xuan Huynh et al., 2019).  

The latest theories and practices for marketing have unprecedented investigative 

opportunities gained from the rapid growth of e-commerce and e-marketplace activities 

that collect massive data on consumers' online behaviour (Phang et al., 2020). With the 

rise of artificial intelligence (AI) and accompanying subfields such as machine learning 

(ML), data mining, and big data, many human tasks can be successfully performed by 

software (Dalenberg, 2018). Particularly in this work, we will study machine learning 

(ML), perfectly adapted for deep data-driven marketing analysis based on algorithms that 

allow specialized AI software to identify patterns in big data and classify them (Capatina 

et al., 2020). 

At the moment, Natural Language Processing (NLP) models such as Convolutional 

Neural Networks (CNN) and Recurrent Neural Networks (RNN) have achieved good 

results for this task, but multiclass text classification and refined sentiment analysis are 

yet to be performed are challenging (Dong et al., 2020). Primarily utilizing real-time data 

and continuously improving previous results (Batbaatar et al., 2019) have been widely 

applied to text sentiment classification and sentiments in commodity analysis due to 

automatic data extraction and favourable experimental results (Dong et al., 2020). 

To understand this project, we first need to understand the topic of Sentiment Analysis. 

Thus, Hoang et al. presented that sentiment analysis, also known as opinion mining, is a 
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field of NLP that automatically identifies a text's sentiment, often in categories such as 

negative, neutral and positive. It has become a trendy field in both research and industry 

due to the large and growing amount of user-generated opinion texts on the Internet, for 

example, social networks such as Twitter which will be analysed in this project. 

According to the authors, knowing how users feel or think about a particular brand, 

product, idea, or topic is a valuable source of information for companies, organisations, 

and researchers, but it can be a challenging task. Natural language often contains 

ambiguity and figurative expressions that make automated extraction of information often 

very complex (Hoang et al., 2019). 

According to Dong et al. in 2020, there are two essential methods in sentiment analysis 

by Natural Language Processing. The first method is based on Machine Learning and 

imports related features established after data processing into the model. While the 

performance of this method depends a lot on feature engineering, the second method 

based on Deep Learning is mainly represented by Recurrent Neural Networks (RNN) and 

Convolutional Neural Networks (CNN), have been widely applied due to automatic data 

extraction and favourable experimental results (Dong et al., 2020). In any natural 

language processing method, the representation of the text (including the destination and 

its context) is a crucial issue (Gao et al., 2019). 

For Devlin et al., machine learning techniques constrain pre-trained representations' 

power, especially fine-tuning approaches. The main limitation is that standard language 

models are unidirectional, limiting the choice of architectures that can be used during pre-

training (Devlin et al., 2019). According to the authors, these restrictions are suboptimal 

for sentence-level tasks and can be very harmful when applying fine-tuning-based 

approaches to token-level tasks, such as answering questions, where it is crucial to 

incorporate context from both directions. 

Li et al. showed that the BERT-based architecture could outperform state-of-the-art 

models even with a superficial linear classification layer. In addition, they also 

standardized the comparative study by consistently using a validation development 

dataset for model selection, which is largely ignored by previous work (Devlin et al., 

2019). The authors further explored how to couple the BERT embedding component to 

various neural models and perform extensive experiments on two reference datasets. 
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Experimental results demonstrate the superiority of BERT-based models in capturing 

aspect-based sentiments and their robustness to overfitting. 

Given the above, we understand that models with Machine Learning, in general, are 

successful in well-behaved environments with known limitations, as they tend not to have 

enough flexibility to perform well outside the context where their initial development 

took place. However, Deep Learning Models are mostly large neural networks formed by 

sets (ensemble) of networks with specific structural and functional particularities and thus 

extend the number and role of the various hidden layers between the input and output 

layers, achieving a more efficiently model complex nonlinear relationship. The intended 

results for this analysis are made more appropriate by combining direct and recurrent 

architectures. 

2.2.1 Deep learning 

As previously presented, sentiment analysis evaluates the dataset from the sentiment 

aspect by measuring the frequency of words analysed and represented by a sentiment 

vector. According to Puteh et al (2021). Deep Learning as an application of artificial 

neural networks (ANN) to learning tasks using multiple layers of neural networks, was 

initially proposed by G.E. Hinton in 2006 and consisted of a Machine Learning approach 

then presented as Deep Neural Network (Hinton et al., 2006; Puteh, 2021). 

A neural network can be as basic or as complex as needed. Deep "learning" occurs when 

we create neural network models where multiple inputs with their respective weights pass 

through multiple hidden layers, supervised or unsupervised phases, feedforward and 

backpropagation (Goldberg 2016). Over the past ten years, Deep Learning has been 

revolutionary and has produced cutting-edge results in many application domains, 

starting with computer vision, then speech recognition, and more recently, natural 

language processing (NLP) (Collobert et al., 2011; Goldberg, 2016; Zhang et al., 2018). 

2.2.2 Natural language processing (NLP) 

One of the most exciting applications for sentiment analysis is the so-called natural 

language processing, which can be defined as the process of recognizing patterns from 

mailto:secretariado@iscac.pt


 

 

Data-Driven Marketing: A sentiment 

analysis study in Nonprofit Marketing 

 

10 de 86  
Mod5.233_00  
SISTEMA INTERNO DE GARANTIA DA QUALIDADE  

Coimbra Business School | ISCAC 
Quinta Agrícola – Bencanta, 3045-601 Coimbra 

Tel +351 239 802 000; E-mail: secretariado@iscac.pt; www.iscac.pt 
 

texts so that we can train a neural network to mine information from themselves ((Gao et 

al., 2019).  

Traditionally, the bag of words (BoW), as the example shown in Figure 1, is used to 

generate text representations in NLP and text mining, where a document is considered a 

bag of words (Zhang et al., 2018). This word bag technique is commonly applied to 

extract features from news articles, measure the occurrence of each word, and then 

convert text information into vector spaces using those occurrences (Lien Minh et al., 

2018).  

 

Figure 1. Example bag of words (BoW) from May 22, 2017 based on sentiment extracted from tweets when the UK 

general election campaign follows different themes, and there is the Manchester terrorist attack: a) positive, b) 

negative, c ) neutral. (Pota et al., 2018). 

Many deep learning methods in NLP use a word embedding learning algorithm as a 

standard approach to feature vector representation, which ignores the sentiment polarity 

of words (Eke et al., 2021). The model in this work takes advantage of natural language 

processing (NLP) and deep neural networks and comprises two main stages. The first 

stage involves the sentiment polarity classifier that classifies tweets as positive and 

negative. The output of the first stage is then used as input to an emotion classifier that 

aims to assign a tweet to one of the positive emotion classes (joy and surprise) or one of 

the negative emotion classes (sadness, disgust, fear, anger) (Imran et al., 2020). 

2.2.3 Convolutional neural networks (CNN) 

The so-called CNN networks have architectures capable of showing spatial relationships 

and structures without using many parameters. They are a particular type of feedforward 

neural network, employed initially in the field of computer vision (Zhang et al., 2018). 

According to Gao et al. (2019), the first to use CNN to classify feelings at the aspect level 
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were the researchers Huang et al. in 2018 that incorporated aspect information into CNN 

via parameterized filters and parameterized gates, resulting in good performance metrics 

in the SemEval-2014 datasets (Gao et al., 2019; Huang et al., 2018). 

However, other authors already dealt with CNN, such as Kalchbrenner et al. in 2014, they 

proposed a convolutional architecture called Dynamic Convolutional Neural Network 

(DCNN) that they adopted for semantic sentence modelling (Kalchbrenner et al., 2014). 

Alternatively, Kim, in 2014, reported a series of experiments with convolutional neural 

networks (CNN) trained on pre-trained word vectors for sentence-level classification 

tasks and showed that a simple CNN with little hyperparameter tuning and static vectors 

achieves excellent results. in various benchmarks (Kim, 2014). 

  

Figure 2. A generic CNN based architecture for text classification (S. Tam et al., 2021). 

Figure 2 presents a generic CNN architecture based on text classification (S. Tam et al., 

2021), and it is possible to observe that the convolutional layers in CNN play the role of 

feature extractor, which extracts local features, as they constrain the receptive fields of 

hidden layers to be local (Zhang et al., 2018). It is observed that current research has 

inspired the design of several other convolutional networks guided by: hierarchies, 

chaining of different types of architectures and even more complex topological designs. 

2.2.4 Bidirectional encoder representation and transformer (BERT)  

Pre-trained language models provide context for words, which have previously learned 

the occurrence and representations of words from unannotated training data (Hoang et al., 
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2019). Most previous approaches model the relationship between target words and their 

context with Long Short-Term Memory (LSTM) and attention. However, LSTMs are 

challenging to parallelize and truncated backpropagation over time makes it challenging 

to remember long-term patterns (Gao et al., 2019). 

Bidirectional encoder representations from transformers (BERT) originally published by 

Devlin et al. and it is a pre-trained language model that is designed to consider the context 

of a word from the left and right sides simultaneously (Devlin et al., 2019) provides dense 

vector representations for natural language using a deep neural network and pre-trained 

with transformer architecture (X. Li et al., 2019). As the input representation of BERT 

can represent a single sentence of text and a pair of sentences of text, we can convert 

sentiment analysis tasks into a sentence pair classification task and adjust the pre-trained 

BERT (Sun et al., 2019). 

  

Figure 3. General pre-training and fine-tuning procedures for BERT (Devlin et al., 2019) 

In summary, as shown in Figure 3, the BERT architecture combines the two principles 

(Transformer and bidirectional), as the training method is based on language masking. 

Uses data: BooksCorpus (800M words) and Wikipedia in English (2,5 M words). For its 

processing, texts of the "document" type are needed to have continuous sequences, as we 

will use in this project. 

2.2.5 Approach based on CNN integrated with GloVe - CNN 

The model used in the approach based on Deep Learning has as its conceptual base the 

works of Eke et al. (2021) and Tam et al. (2021), who presented CNN architectures 

consisting of a Deep Learning model with long short-term memory (LSTM) employed 
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with the incorporation of GloVe to build context vectors that represent a semantic word 

as resources. This model was recreated and applied to document-level sentiment 

classification in our work. In the case of tweets, it will be compared with the following 

cases in terms of accuracy. 

As suggested by the authors Eke et al. (2021) and Tam et al. (2021), in this first step in 

the pre-processing, each text data (tweet) is divided into smaller parts in the tokenization 

step, in words or phrases and these tasks are performed using the NLTK library (Eke et 

al., 2021; S. Tam et al., 2021).  

Then, all items that do not contribute to the classification task are eliminated before the 

resource extraction process and, therefore, the elimination of unwanted information is 

carried out since most social network data presents some noise and, as a result, it requires 

a pre-processing step to eliminating these unwanted items. In the dataset used in this 

work, tweets contain punctuation, stop words, special characters (such as @, #, for 

example) and URL links. The processed data was transformed into a matrix representation 

of the features to simplify model training. 

In the next step, the authors suggest that the textual word, generally considered discrete 

and categorical features, be represented in vector format. The vector representation can 

be performed by converting the text to the vector space model (VSM) (Eke et al., 2021). 

However, we employed pre-trained GloVe  in this study because of its excellent 

performance with CNN compared to another pre-trained embedding based on analysis of 

related studies by the authors (Pennington et al., 2014). The pre-trained Glove file was 

extracted from the website < https://github.com/stanfordnlp/GloVe> on May 03, 2021. 

The convolutional neural network architecture consists of input layers, convolutional 

layers, pool layers, and output layers (Eke et al., 2021). Input data is fed by the input layer 

and then passed to the convolutional layer. Feature maps are extracted in the 

convolutional layer, bypassing the convolutional filter on the input data. However, 

various filters are used to enter data to extract various features. 

The final decision is made by the fully connected layer, connected to the output and 

previous layers. A recurrent neural network is a standard network that uses an edge to 

feed the slides next time and feed the next layer on a slide of similar timing (S. Tam et 
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al., 2021). It contains a cycle that means there is short memory on the network. On the 

other hand, the recurrent neural network operates similarly to a hierarchical network that 

does not require allocating time slides for the input sequence but processes the input in a 

hierarchical tree structure (Eke et al., 2021). 

The model uses the dense layer to connect each input to each output using 

weights. Sigmoid is a function used in the final layer to produce the output (S. Tam et al., 

2021). It takes the average of the random results in the forms 1 and 0. The result of the 

prediction of the sigmoid function is presented in Equation (1). The sentiment result is 

ranked 0 or 1 using binary cross-entropy. In this study, 0 represents a negative feeling, 

and 1 represents a positive feeling  (S. Tam et al., 2021).  

 Y=sigmoid(wh+b) () 

The Deep Learning Model with Long Short-Term Memory (LSTM) used with the 

incorporation of GloVe to build context vectors that represent a semantic word as 

resources is shown in Figure 4. In our work, this model was recreated and will be applied 

for sentiment classification at the document level as per Annex 2. 

 

Figure 4. Deep Learning Model with Long Short-Term Memory (LSTM) used with the incorporation of GloVe 

2.2.6 BERT-integrated CNN-based approach as Tokenizer - BERT 

The model used in this approach has a conceptual baseline of related works the articles 

by Devlin et al. (2019) and Li et al. (2019). In our model, we use the BERT Large version 

as Encoders, which has the following configurations: The number of blocks (layers) of 
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the Transformer is L=24, the hidden size is H=1024, the number of self-attention heads 

is A=16, and the total number of parameters for the pre-trained model is 340M. 

A similar pre-processing technique used for the CNN-based approach integrated with 

GloVe was employed in this section. BERT was used to perform tokenization on 

processed tweets. Tokenization is applied in splitting strings into subword token strings 

seeking to convert token strings to ids and vice versa, and encoding/decoding (i.e. 

tokenization and conversion to integers) (Devlin et al., 2019). 

BERT accepts a maximum of 512 token strings as input and represents the token strings 

of a 768-dimensional array as output (Devlin et al., 2019). According to the authors, in 

BERT, a maximum of two segments can be inserted into each input string, including 

[SEP] and [CLS]. As seen in Figure 5, special classification token embedding ([CLS]) is 

usually the initial input string token. It contains a special classification embedding chosen 

as the first token in the last hidden layer to represent the complete sequence in a text 

classification task. However, the last hidden state that correlates with this token is the 

aggregate string to represent text classification tasks. 

 

The pairs of a sentence are grouped in a sequence. These phrases can be differentiated 

into two methods (Devlin et al., 2019). According to the authors, first, a special token 

embedding ([SEP]) separates the sentences. Second, a learning embedding is added to 

each token, indicating the phrase to which each phrase belongs (positive or negative) (X. 

Li et al., 2019). An overview of the classification can be exemplified by Equation (2) 

below: 

 [CLS]+Sentence A+[SEP]+Sentence B () 

The BERT model employed to perform tokenization on processed tweets is shown in 

Figure 6. In this, tokenization is applied to divide strings into subword token strings 

Figure 5. Transformation of inputs (inputs) with BERT. Source 

Devlin et al. (2019)] 
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seeking to convert token strings into ids and vice versa, and encoding/decoding (i.e., 

tokenization and conversion to integers). The application of this model is presented in 

Annex 3. 

 

Figure 6. BERT model employed to perform tokenization on processed tweets. 

2.2.7 BERT-based approach as an Embedding Layer – BERT-CNN  

This approach follows the same principle presented in section 2.2.6 with the addition of 

BERT as an Embedding Layer. For this case, we used the articles by Dong et al. (2020) 

and Sun et al. (2019). 

As seen in the previous section, the BERT input representation can explicitly present a 

pair of text sentences in a sequence of tokens. Its input representation is constructed for a 

given token by summing the corresponding token, segment, and position embeddings. 

Compared to the embedding layer presented in sections 3.3 and 3.4, which provide only 

a single context-independent representation for each token, the BERT embedding layer 

takes the phrase as input. It calculates the token-level representations using the 

information of the entire sentence (Dong et al., 2020). 

In this representation, as applied with Sun et al. (2019), to obtain a fixed-dimension 

clustered representation of the input sequence, we use the final hidden state (i.e. the 

transformer output) of the first token the input. We denote the vector as  𝐶 ∈  R𝐻 (Sun et 

al., 2019). Finally, the probability of each category (P) is calculated by the softmax 

function presented in Equation (3) below: 
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 P=softmax(𝐶𝑊𝑇) () 

Where T is a target entity set and W is a classification layer whose parameter matrix i 

𝑊 ∈ 𝑅𝐾.𝐻 (Sun et al., 2019), whose K is the category number. 

As seen in the previous sections, the BERT input representation presents a pair of text 

sentences in a sequence of tokens. In the model shown in Figure 7, the embedding layer 

BERT takes the phrase as input and calculates token-level representations using the 

information from the entire phrase. This model is presented in Annex 4. 

 

Figure 7. Model with embedding layer BERT. 

2.3 Nonprofit Marketing 

We review the literature that explores the level of engagement through audience 

participation in interaction with social media from a Nonprofit Marketing perspective. 

Considering the relevance of social media to our study, we also included studies on 

sentiment analysis using social media. As a detailed overview of the Data-Driven 

Marketing literature would be too extensive, we focused our literature review on studies 

of Nonprofit Marketing. 

2.3.1 The growth and development of nonprofit marketing 

Nonprofit organizations (NPOs) are characterized by a solid devotion to those in need, 

i.e. their end-users (Schetgen et al., 2021), and these organizations have faced fierce 

competition for charitable donations due to the rapid growth in the number of NPOs and 

a decrease in government support (Hsu et al., 2021). 
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Shapiro, in 1974, released an innovative article on nonprofit marketing stating that "the 

study of marketing in nonprofit organizations is a new field" (Shapiro, 1974). From this 

moment on, nonprofit marketing grew and evolved strategically and was no longer 

considered a new field of study (Y.-J. Lee, 2019; McLeish, 2010). 

Nonprofit marketing became one of the central topics with the rapid growth of charitable 

activities (Ha et al., 2022) until, in September 2015, the United Nations General Assembly 

adopted the Global Agenda 2030 recognizing the business sector as a fundamental agent 

for achieving the so-called Sustainable Development Goals (SDGs) (Barroso-Méndez et 

al., 2020). 

Different from the objective of traditional marketing, which is to expand the market, the 

objective of social marketing is to promote the well-being of society (Liao, 2020), 

referring to the support of a specific cause linked to a nonprofit organization (NPO) or, 

even, to a charitable donation conditional on the purchase of a product by the consumer 

(Thomas & Jadeja, 2021). 

Nonprofits have gradually adopted the brand-oriented approach to adding value to their 

stakeholders (Ha et al., 2022), comprised of three different markets of customers, 

volunteers and donors or funders (Gainer & Padanyi, 2005). Indeed, research suggests 

that marketing techniques are well-accepted practices in today's nonprofit organizations, 

and scholars have studied nonprofit marketing strategies and management from various 

perspectives (Andreasen & Kotler, 2003; Y.-J. Lee, 2019; Pope et al., 2009). 

Nonprofit marketing is a process of designing, executing, and controlling programs using 

a combination of marketing research and marketing mix to enable target audiences to 

accept certain societal ideals, concepts, and measures (Liao, 2020). Currently, the 

nonprofit marketing field has a variety of textbooks on the topic and dedicated journals 

(Y.-J. Lee, 2019). The topic is offered as a significant part of business management and 

nonprofit curricula at colleges and universities or as a standalone course (Mottner & 

Wymer, 2011). 

2.3.2 Resource development and organization 

Nonprofit marketing encourages social behaviour change, and this social behaviour 

change refers to the behaviour of a certain number of target audiences, not just individual 
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behaviour (Liao, 2020). In recent years, the relationship between nonprofits and donors 

has been dramatically transformed by the emergence of social media (Schetgen et al., 

2021). 

Several studies have investigated the relationships between giving behaviours and brand-

related factors, for example, brand image (Bennett & Gabriel, 2003; Michel & Rieunier, 

2012) and brand personality of nonprofit organizations (Sargeant et al., 2008). According 

to Meijer (2009), the reputation of charitable organizations is the central construct of 

donation intention (Ha et al., 2022; Meijer, 2009). 

Most nonprofit organizations generate most of their revenue from one or more of three 

sources: service program revenue, private charitable contributions, and government 

grants (Y.-J. Lee, 2019). In addition to this traditional donation channel, online donations 

are a new channel due to the popularity of the Internet, as reaching a more significant 

share of monetary donation is the main objective of NPOs (Hsu et al., 2021). 

Likewise, the impression and reputation of nonprofit institutions had positive effects on 

donor behaviour (Sargeant et al., 2008). Furthermore, the intention to repeat charitable 

donations is influenced by fundraising experience, the trustworthiness of the nonprofit 

agency, and sympathy for volunteer activities (Beldad et al., 2014). 

Identifying valuable donors and developing effective marketing strategies can contribute 

to online donation platforms (Hsu et al., 2021). Four characteristics (individualism, 

collectivism, hedonism, and utilitarianism) are affected by trust in NPO donation 

intentions and serve to understand the psychological antecedents of trust in nonprofit 

marketing campaigns (Thomas & Jadeja, 2021). 

2.3.3 Engagement in Nonprofit Marketing through social media 

The works related to this dissertation are categorized in Table 1 according to three 

dimensions: type of research, NPO engagement and social networks. First, two types of 

research can be distinguished according to Schetgen et al. (2021). While diagnostic 

research investigates the potential determinants of the behaviour of interest and the 

underlying reasons, predictive research aims to determine how current information can 

be used to predict future behaviour (Schetgen et al., 2021). 
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Second, two surveys related to audience engagement on social media are used as a 

reference and baseline for the appearance of categorized comments, Okazaki et al. (2015), 

and Tripathi and Verma (2018). The feedback aspect was then grouped into three NPO 

engagement needs: promotional, emotional, and informational. 

Finally, research on giving behaviour can be categorized according to data type. Social 

media data includes self-reported information about social media usage, as well as 

information retrieved directly from social media sites as, for example, can be seen in the 

work of Enjolras et al. (2013), as well as Farrow and Yuan (2011), who investigated the 

underlying reasons for the positive impact of social media use on giving time and money. 

Table 1. Related works 

Authors Research Type Engagement Social Media 

H. Farrow, Y.C. Yuan Diagnostic Promotional Facebook   

B. Enjolras, K. Steen-Johnsen, 

D. Wollebæk 

Diagnostic Emotional Facebook and 

Twitter 

G. D. Saxton, R.D. Waters Diagnostic Informational Facebook 

S. Brown, K. Taylor Diagnostic Emotional Blog 

A.M. Warren, A. Sulaiman, N.I. 

Jaafar 

Diagnostic Informational Facebook 

S. Okazaki , A. M. Diaz-Martin, 

M. Rozano 

Diagnostic Emotional Twitter 

R. Alghrabat et al. Predictive Emotional Facebook 

A. Reyes-Menendez, J.R. Saura, 

C. Alvarez-Alonso 

Diagnostic Informational Twitter 

S. Tripathi, S. Verma Diagnostic Emotional LinkedIn, 

Facebook, 

Twitter, 

Youtube and 

Blogs 
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Authors Research Type Engagement Social Media 

S.R. Jordan et al. Predictive Promotional Facebook 

 

2.4 Research gap 

The use of social media to reaffirm or transcend socioeconomic divisions in participating 

in demonstrations was studied by Enjolras et al. (2015), investigating the underlying 

reasons for the positive impact of social media use on giving time and money. From this 

study, Schetgen et al. (2021) investigated a decision support system for building an 

acquisition model based on Facebook data with high predictive performance. Similarly, 

Ihm (2016) measured the scale and impact of social action using data as a call to action 

on social media platforms to ensure your data is available to researchers and activists who 

share your goals for a better society. (Ihm, 2016) (Schetgen et al., 2021) 

Farrow and Yuan (2011) carried out an analysis of structural equation modelling in 

American universities and non-profit institutions, revealing a change in attitude by 

showing that the strength of network ties can help ensure consistency between attitude 

and behaviour. From this study, Febriani and Selamet (2020) showed a significant 

difference in volunteering intention between participants exposed to NPOs with certain 

brand personalities and NPOs without any brand personalities. In contrast, Gray et al. 

(2021) found strong links between e-newsletter receipt and volunteering or donation 

activity, the usefulness of e-newsletters in building a connection between the organization 

and recipient was confirmed at a moderate level. (Febriani & Selamet, 2020) (Gray et al., 2021) 

With a strong focus on analysing whether and how nonprofit advocacy organizations use 

social media, Saxton and Waters (2014) barely touched on the effectiveness of this social 

media use. More recent research such as Guo and Saxton (2018) has addressed this issue 

by building and testing a model of the effectiveness of Twitter usage by NPO advocacy 

organizations. Smith (2018) investigated the use and impact of Facebook and Twitter and 

revealed that users respond differently to stimuli across platforms. (C. Guo & Saxton, 2018) (J. N. Smith, 2018) 

Brown and Taylor (2015) used self-reported information to determine whether there is a 

relationship between social media presence and giving behaviour in NPOs. The authors 
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performed a regression analysis to determine the effects of specific individual attributes 

on charitable behaviour. Based on this article, Capra et al. (2021) investigate the effects 

of Big Five personality traits on one's willingness to make and keep a promise to 

volunteer. (Capra et al., 2021) 

Warren et al. (2015) applies social capital theory to build a model to investigate the factors 

influencing online civic engagement behaviour on Facebook. Analysis of survey data on 

youth social media use and civic engagement in the US shows that while all three types 

of online social ties (Facebook Friends and Twitter Followers) are positively associated 

with civic engagement, there are differences between the different types of connections 

and the benefits (Y. Lee, 2022) and challenges associated with the use of online 

communities by different actors in the context of Social Enterprises (Abedin et al., 2021). 

In non-transactional customer engagement, such as NPO, Electronic Word of Mouth 

(eWOM) delivers value creation and empowers to generate new ideas (Fiarni et al., 2020). 

According to Okazaki et al. (2015), there are three forms of eWOM through social media: 

objective statement, subjective statement, and knowledge sharing. Discussion and 

conclusions on this topic have helped further research to evaluate this approach to social 

media strategy in the NPO (Fiarni et al., 2020) or religious context (Sircar & Rowley, 

2016). 

While several marketing implications have been considered in social media marketing, 

less attention has been paid to the influence of consumer brand engagement antecedents 

(telepresence, social presence and engagement) and its consequences for nonprofit 

organizations (Algharabat et al., 2018). Algharabat et al. (2018) showed that engagement 

positively affects consumer engagement with the brand in the context of nonprofit 

organizations. However, the combination of donor-related factors, system-related factors, 

and brand-related factors can better understand the factors that affect behavioural 

intentions (Maleki & Hosseini, 2020). Therefore, there is a need to explore social media 

tools and technologies for corporate communication and stakeholder engagement 

(Albanna et al., 2022). 

Reyes-Menendez and Saura (2018) performed a sentiment analysis with an algorithm 

developed in Python and trained with data mining was applied to the sample of tweets to 
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group them according to the sentiments expressed to identify social, economic, 

environmental factors and cultural issues related to sustainable care for the environment 

and public health. Research on social media-based sentiment analysis is increasing, and 

we can explore helpful information to help not only policymakers design their policies 

but also scholars in developing methodologies and frameworks for analysing social media 

data (Marzouki et al., 2021) or developing a web-based interface for practical exposure 

and insights into the COVID-19 crisis (Andhale et al., 2021). 

Tripathi et al. (2018), in their research, explores key determinants of NPO engagement 

and relationship building in social media in India. His research summarized the interest 

of the NPO audience in fourteen classes, which were grouped based on the relationship, 

whether it is a personal, organizational or mediating factor (Tripathi & Verma, 2018). 

Opinion mining is crucial for collecting and ranking opinions based on intended 

categories and calculating the proportion and impact of the organization's engagement 

with its potential audience (Fiarni et al., 2020). 

In this scenario, nonprofit organizations work to organize their limited and variable 

resources in marketing with a high potential for returns (Jordan et al., 2019). This strategic 

relevance is further accentuated by the role of user-generated content (UGC), that is, what 

is being discussed on these platforms by social media users (Bernardi & Alhamdan, 

2022). Thus, conflicting evidence and critical gaps exist in theorizing why affective 

displays are more effective, leading to practical difficulties for organizations dependent 

on their ability to generate consumer philanthropy (Mesler & Simpson, 2021). 

Given the above, to fill this gap in the literature, we created a decision support system to 

build an analysis model based on Twitter data. The objective of this model is to analyse 

the engagement of followers of a nonprofit organization's profile on Twitter based on the 

type of content and sentiment of the tweet. In the first step of this process, we compared 

sentiment analysis techniques across three classification algorithms to find the optimal 

combination of both methods. Second, we use this optimal combination to evaluate 

different subsets of variables. This step allows us to establish the (added) value of the 

different types of Twitter features. In addition, we compute variables to find out which 

characteristics are most important in engagement. 
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3 RESEARCH CONCEPTUAL FRAMEWORK 

This chapter aims to present the conceptual framework of the research that it proposes to 

study, presenting the research problems and hypotheses determined by the analysis of the 

theoretical framework carried out in the previous chapter.  

3.1 Research hypotheses 

Twitter is a social network widely used in research to obtain information and understand 

the public opinion exemplified by its users (Reyes-Menendez et al., 2018) since social 

media is used not only as a tool personal but also for organizations and companies to 

share content (Jordan et al., 2019). This work intends to carry out an empirical study in 

nonprofit organizations relating the audience reaction and the characteristics of the posts 

on Twitter of these organizations with the user engagement, answering the following 

questions: 

• What effect does posting characteristics and, in particular, sentiment factors 

in the published message have on engagement? 

• How do audience reactions moderate the relationship between post 

characteristics and nonprofit engagement? 

As past studies indicate that audience reactions influence engagement  (Okazaki et al., 

2015). Trust, emotions, and information needs emerge as the primary personal drivers for 

engagement (Tripathi & Verma, 2018). 

The architecture of the research model shown in Figure 8, in which, in a first phase, data 

collection and treatment are carried out according to Go et al. (2009). In the experimental 

phase of the study, the proposed strategy ensures that a systematic treatment of the 
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evaluation is carried out according to the type and structure of the data extracted from the 

sentiment analysis algorithms. Finally, the results are applied to the analysis model. 

 

Figure 8. Research conceptual framework 

3.1.1 Independent Variables 

To hypothesize the messages, we analysed and mapped the engagement needs of NPOs 

to fit the dataset. In literacy, there are two surveys related to public engagement in social 

media, Okazaki et al. (2015), and Tripathi and Verma (2018), which were used as a 

reference and baseline for the appearance of categorized comments from NPOs and are 

presented in Table 2. 

Table 2. Comment categorization, according to Okazaki et al. (2015) and Tripathi and Verma (2018) 

Independent Variables NPO variables 

 Positive messages 

 Neutral messages 

 Negative messages 

Control Variable  Engagement 

 

Given the above, the hypotheses to be considered in this work for the independent 

variables referring to Nonprofit Organisations are: 

H1. Neutral messages are positively related to user engagement 

H2. Positive messages are negatively related to user engagement. 

H3. Negative messages are positively related to user engagement. 
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3.2 Data set collection 

Concerning data collection, we analysed arcolab.org, a website of a university centre that 

offers research services whose list is presented as a result of a study carried out by the 

Social Economy Unit of ARCO, in April 2020, on the world's 100 largest philanthropic 

foundations by total assets <https://www.arcolab.org/en/worlds-100-largest-

philanthropic-foundations-list/#>. From this list, information was collected on the five 

largest US philanthropic foundations that have Twitter accounts, namely the Bill & 

Melinda Gates Foundation, Howard Hughes Medical Institute, Ford Foundation, Robert 

Wood Johnson Foundation, and J. Paul Getty Trust. 

In this approach, raw data collection is done through Brandwatch (formerly Crimson 

Hexagon) with the query presented in Annex 1. This is a popular social media listening 

platform (SMLP) tool for academics and marketers (Breese, 2016). The subscription-

based platform provides a social media library of over 1 trillion real-time and historical 

posts in various social media contexts (Hayes et al., 2021). A dashboard provides surface-

level data views of descriptive query results such as date range and platform(s) of interest 

and AI-generated variables, including emotion analysis, post ratings, and sentiment 

analysis.  

Data were collected between January and December 2021 and represent 6,183 mentions 

of the predefined NPOs. These tweets represent a 16% increase over the same period in 

2020 and reached just over 271 million impressions with the audience. The evolution of 

these mentions can be seen in Figure 9. 

 

Figure 9. Volume over time 
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Regarding trending topics, the most discussed topics involve COVID 19 and related 

topics. Mentions of topics such as justice and communities are also observed in a bag of 

words (BoW) with the main ones, as shown in Figure 10. 

 

Figure 10. Trending topics 

3.2.1 Online sentiment 

According to the platform documentation, Brandwatch uses a NLP algorithm dubbed 

Sentiment Analysis to provide sentiment polarity analysis for posts (Brandwatch Help 

Center, 2022). The platform uses a training dataset of over 500,000 human-tagged posts 

to calculate word frequency distributions that include denied words and emoticons for 

posts in predefined categories such as: positive, neutral, and negative (Hayes et al., 2021). 

The frequency distributions are then used to build the algorithm that ranks posts by 

sentiment and are ranked as shown in Figure 11. 

 

Figure 11. Mention Volume for Queries broken down by Sentiment 

A critical factor in our tool is the authors' popularity, which helps the researcher to 

understand how the sentiment associated with their words and the author's status can 
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influence the opinion of their followers' networks on a particular brand, product or topic 

(Tedeschi & Benedetto, 2015). We can see in Figure 12 the volume of mentions by 

sentiment for this factor. 

 

Figure 12. Benchmark Mention Volume for Sentiment 

3.2.2 Online Emotion 

The AI tools provided by Brandwatch, while potentially useful, like other SMLPs, are 

mainly black boxes. Sparse information is provided about the construction of the 

algorithm, leaving researchers with little means of assessing the accuracy of the results 

(L. Tam & Kim, 2019). However, another loosely documented NLP algorithm, Emotion 

Analysis, ranks posts based on the six basic emotions Ekman and Friesen (1971) 

identified through the study of facial expressions: anger, fear, disgust, joy, surprise, and 

sadness (Ekman & Friesen, 1971; Hayes et al., 2021). The documentation states that the 

algorithm is trained to identify emotions based on linguistic patterns using a training set 

of "over 2 million tweets with corresponding emotion labelled". The percentage volume 

of mentions by emotion collected in our dataset is shown in Figure 13. 
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Figure 13. Mention Volume presented by Emotion 

After perceiving an emotion, observers infer additional information from the emotional 

expression. Emotion expressions serve as (social) information in that observers use 

emotion expressions to draw inferences about characteristics of (a) the expresser, (b) the 

situation, and/or (c) the self, which can all influence audience behaviour (Lange et al., 

2022). To this end, we interleaved the results of emotion by the sentiment of the tweets 

as shown in Figure 14. 
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Figure 14. Mention Volume for Emotion broken down by Sentiment. 

 

3.2.3  Online Engagement 

Brand tweet volume can be viewed as how engaged stakeholders are with a brand 

(Robertson et al., 2019). The more discussion a brand can generate, the more engaged it 

is with its audience (Rust et al., 2021). Figure 15 presents a results framework to examine 

the Twitter feeds of related nonprofits and examine the effects of messaging features on 

brand engagement, captured in terms of original Twitter posts, shares and retweets.  
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Figure 15. Benchmark Mention Volume for Mention Type 

Social media is a significant source of marketing intelligence that can improve brand 

equity by better understanding and managing brand engagement (Duncan et al., 2019). 

These results will be possible to draw more significant conclusions concerning the 

hypotheses raised above.  
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4 ANALYSIS AND DISCUSSION OF RESULTS 

This chapter aims to analyse the results obtained by pre-processing tweets and their 

relationship with the user Engagement of NPOs. For this, different comparisons were 

made to discuss the results. 

4.1 Classification Models 

In this section, the classification algorithms used to classify each tweet as "neutral", 

"positive", or "negative" and how each of the algorithms was applied are presented. The 

classifiers used the Brandwatch labelled dataset and the sampling strategy with cross-

validation of ten folders, with the measurement of the ten runs being presented. 

The metric used in this work to validate the classifiers was accuracy. It is known that this 

measure has some shortcomings, such as the possibility that it is not suitable for 

unbalanced classes, as it tends to privilege the majority class, considering that the rare 

class is usually more interesting. However, the problem in question presents a few 

unbalanced classes and, for simplicity and not being the focus of this work, only this 

measure was used to validate the classifiers. 

4.1.1 Naive Bayes 

The supervised learning algorithm Naive Bayes multinomial text was chosen to be used 

in this work because it is widely used in text classification and sentiment analysis tasks 

and presents good results. To apply it to the Brandwatch labelled dataset, Weka (T. C. 

Smith & Frank, 2016b) was used, a software written in the Java language that provides a 

collection of machine learning algorithms to perform tasks related to data mining. 

Data from the labelled tweet dataset were converted to ARFF (Attribute Relation File 

Format), a Weka-specific text file that describes a list of instances that share the same 

attributes (Paynter et al., 2005). This way, it is possible to use the labelled dataset as a 

training set for the Naive Bayes algorithm. 

After loading the dataset in the Explorer interface of Weka, an overview of the data 

is shown in the pre-processing tab, as can be seen in Figure 16. 
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Figure 16. Training set overview in Weka 

Then, in the classification tab, the Naive Bayes multinomial text classifier and the 10-fold 

cross-validation validation strategy are chosen, which consists of dividing the test set into 

ten random parts, which are individually tested, using the other nine remaining parts as a 

training set. Weka's default settings were used for Naive Bayes multinomial text. 

 

Figure 17. Naive Bates multinomial text classifier 
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According to the results presented in Figure 17, after generating the classification model 

based on the Naive Bayes algorithm by Weka, it is necessary to provide the test sets - in 

this case, the individual files containing all the tweets collected for each NPO's.  

4.1.2 Random Forest 

One of these classification and regression techniques used in this work is the random 

forest approach. These decision tree-based predictors are best known for their excellent 

computational performance and scalability, and they consist of a combination of tree 

classifiers where each classifier is generated using a random vector sampled 

independently of the input vector (Pal, 2005). However, in the case of severely 

unbalanced training data, as often seen in data from previous studies with large control 

groups, the training algorithm or sampling process must be changed to improve the 

prediction quality for minority classes (Amrehn et al., 2019).  

In this work, a balanced random forest approach to Weka is proposed. In addition, the 

predictive quality of the unmodified random forest implementation is shown in Figure 18.

 

Figure 18. Random forest implementation 
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4.1.3 Logistic Regression 

Logistic regression aims to produce, from a set of observations, a model that allows the 

prediction of values taken by a categorical variable, often binary, from a series of 

continuous and/or binary explanatory variables (Lalitha et al., 2015). 

Logistic regression is comparable to supervised techniques proposed in machine learning 

as a prediction method for categorical variables. Compared to known regression 

techniques, in particular linear regression, logistic regression is essentially distinguished 

by the fact that the response variable is categorical (Khalajzadeh et al., 2014). Considering 

the problem of selecting a learning algorithm and defining its hyperparameters, going 

beyond previous works that attack these problems separately, we present the results in 

Figure 19. 

 

Figure 19. Logistic regression 

4.1.4 K-Nearest Neighbour 

K-nearest-neighbor (KNN) has been widely used as an effective classification model. We 

tried to research some improved algorithms and experimentally test their effectiveness  

(Jiang et al., 2007). 
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Figure 20. K-nearest-neighbor 

 

4.1.5 Support Vector Machine  

Among the standard classification tools are neural networks and decision trees (from 

machine learning), logistic regression and discriminant analysis (from traditional 

statistics); there are emerging tools such as support vector machines (SVMs) (Gandhi et 

al., 2016). 

SVM is a related category of classification tools and rule induction. Unlike a decision 

tree, in rule induction, the "if-then" statements are induced directly from the training data 

and do not need to have a hierarchical character (T. C. Smith & Frank, 2016a). The results 

obtained are presented in Figure 21. 
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Figure 21. Support vector machines 

4.1.6 Analysis of classification models 

From the data from the previous sections, Table 3 was constructed, where it can be 

observed that the Random Forest classifier obtained greater accuracy among the evaluated 

ones. Therefore, this will be the ranking algorithm to rank the complete tweet base. 

MODEL ACCURACY 

NAIVE BAYES 78.5645% 

RANDOM FOREST 78.807% 

LOGISTIC REGRESSION 78.6453% 

K-NEAREST-NEIGHBOUR 78.807% 

SUPPOR TVECTOR MACHINE 78.807% 

Table 3. Ranking algorithm 

 

This process was carried out individually for each of the five NPOs in question, resulting 

in the following Table 4, where we can observe the feelings of Twitter users concerning 

the NPOs according to the classification made from the Random Forest model. 
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NPO Positive Negative Neutral 

Gates  40 6% 64 10% 525 84% 

Ford 141 14% 61 6% 827 80% 

RWJF 68 6% 103 10% 870 84% 

HHMI 419 39% 7 1% 645 60% 

Getty 317 13% 101 4% 1987 83% 

Total 985 16% 336 5% 4854 79% 

Table 4. NPOs according to the classification made from the Random Forest model 

 

From the analysis of Table 4, it can be noted that, for all NPOs, the number of tweets 

classified as "positive" is greater than the number of those classified as "negative". This 

is indicative that NPOs chose to spend more time posting positive tweets on social issues 

than posting negative reviews on other subjects they did not like. 

There is also a high rate of tweets classified as "neutral", which does not add relevant 

information to the study. It is known that the NPO posted it, but it is not known about the 

nature of this comment, that is, whether the sentiment expressed in the tweet is positive 

or negative. This difficulty happens a lot in the Sentiment Analysis task and is one of the 

challenges in the area. 

4.2 Validation of pre-processing 

Several pre-processing steps described above were carried out to treat the tweet base to 

discard useless terms for classification. By observing some clouds of words, it is possible 

to notice that the pre-processing, for the most part, generated promising results since most 

of the words that appear in the clouds make references to the themes of the area of activity 

of the respective NPOs and their relationship with the period lived in 2021. 

In Figure 22, which contains the word cloud referring to the tweets published by the Ford 

Foundation, it can be seen that words of a positive nature, such as "justice", "work", 

"support", and "join", were quite present among the tweets. Some keywords about the 
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pandemic crisis are mentioned, and several terms related to human rights issues (e.g. 

"black " and "indigenous") also appear, as this is a topic of interest to the NPO. 

 

Figure 22. Word cloud contained in tweets collected from the Ford Foundation 

 

The word cloud for the Gates Foundation tweets is shown in Figure 23, and it is possible 

to see that the NPO has published a lot about the pandemic crisis ("COVID-19" and 

"pandemic") and other quotes about the health and empowerment of feminine ("women", 

"girls" and "empowered"). 

 

Figure 23. Word cloud contained in tweets collected from the Bill and Melinda Gates Foundation 

However, the Getty Museum's word cloud features non-pandemic keywords such as "art", 

"exhibition", and "photographs". This presents a possible option for the NPO to focus on 

topics related to its area of expertise and on "positive" words.  
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Figure 24.  Word cloud contained in tweets collected from the Getty Museum 

 

It is also possible to notice that all the words that appear in the clouds are complete; that 

is, no slang or abbreviations appeared, which means that the queries built to analyse these 

tweets worked well. 

4.3 Comparison of tweet sentiment with CNN algorithms  

To analyse the results, the approach based on CNN integrated with GloVe will henceforth 

be called CNN, the approach based on CNN integrated with BERT as Tokenizer will be 

called BERT and finally, the approach based on BERT as Embedding Layer will be 

BERT-CNN. 

The BERT-CNN model is compared with the original CNN model and the BERT model. 

In order to ensure the accuracy and objectivity of the experimental results, the three 

models are run five times on the same training set and test set, respectively, to solve for 

accuracy as the results of the final model, as shown in Table 5. 

Model Training Data Test Data 

CNN 0.7217 0.7142 

BERT 0.7890 0.7591 

BERT-CNN 0.8214 0.8032 

Table 5. Accuracy as the results of the final model 
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As shown in Table 5, the accuracy values of both the BERT-CNN and BERT models are 

higher than those of the CNN model in the training set and test set, mainly because both 

models are unsupervised pre-training models for sets. Large-scale text messages that do 

not need artificial participation, and its attention engine can precisely connect semantic 

contexts to explore precise sentence meanings from social media review texts like Twitter 

and semantic logic between sub-phrases in each NPO's tweet. Furthermore, the difference 

between the accuracy value of the BERT-CNN model in the training set and the test set 

is minimal, so the model has favourable generalization capability. 

 

4.4 Analysis of the correlation between the results 

From the data obtained with the application of BERT-CNN model, we calculated the 

Engagement rate through the methodology based by Okazaki et al. (2015), presented in 

Equation (4): 

𝐸𝑛𝑔𝑎𝑔𝑒𝑑

𝑂𝑢𝑡𝑟𝑒𝑎𝑐ℎ
                                                                        () 

  

In which, according to the aforementioned author, Engaged is the sum of interactions 

(likes, comments, retweets), and Outreach is the reach that the publication (Tweet) has in 

its audience. 

In order to establish the correlation between Engagement and the sentiment of tweets in 

Nonprofit Marketing, represented by five different NPOs, the non-parametric correlation, 

rho of Spearman, was used with SPSS software. 

Spearman's correlation uses ranks rather than the absolute values of the variables 

(Malhotra, 2010), and we know that the analysed variables do not have interval scaling 

or ratio properties and do not assume a normal distribution (Fávero & Belfiore, 2017). 

This way, Spearman's rho correlation coefficient between user Engagement and the 

sentiment was calculated. The results are shown in Table 6 to find out if there is any 

significant association between the variables. 
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 GATES HHMI FORD RWJF GETTY 

NEUTRAL -0.052 -0.144** 0.049 0.048 0.092** 

POSITIVE -0.038 -0.153** -0.072* -0.154** -0.118** 

NEGATIVE 0.094* 0.052 0.024 0.067* 0.025 

Table 6. Correlation between Engagement Rate and the sentiment of tweets in Nonprofit Marketing 

** The correlation is significant at the 0.01 level (2 ends) 

*   The correlation is significant at the 0.05 level (2 ends) 

4.5 Discussion 

In order to relate directly to the questions posed in the Introduction of this dissertation 

and to position the results obtained within the context of the literature review, an analysis 

by NPO is presented below. 

It can be seen that, although none of the coefficients found to represent a correlation very 

close to 1 or -1 between the NPOs, it is still quite likely to predict what would be the tone 

of the message that tends to have the worst Engagement, in this case, positive, and which 

NPO's would be among the least prestigious by their audience, Howard Hughes Medical 

Institute and Robert Wood Johnson Foundation, for example. In other words, from this 

methodology, it is possible to predict which feeling expressed in the message will have 

the best Engagement, despite the low correlation. We can say that using different models 

of sentiment analysis for data disclosed on social networks, namely on Twitter, in a set of 

disclosures by institutions classified as Non-Profit Marketing can help the decision-

making process of whether or not to use promotions to increase/recover user engagement. 

4.5.1 Bill & Melinda Gates Foundation (@gatesfoundation) 

The results obtained for the correlation analysis referring to the Gates Foundation's 

Twitter profile are statistically significant for tweets classified as Negative, so hypotheses 

H2 and H3 are verified. 
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The greater effect observed in negative publications can be supported by the characteristic 

of this NPO, which, according to the foundation's website, fights against poverty, disease 

and inequality, and can be seen in the example below: 

 

Figure 25. Gates Foundation Tweet of April 15, 2021 

Figure 25 presents the publication with the highest engagement of the Gates Foundation 

in 2021 and exemplifies the results presented in the previous section. 

4.5.2 Howard Hughes Medical Institute (@HHMINEWS) 

As can be seen in Table 6, the results referring to the Howard Hughes Medical Institute 

show a negative and statistically significant relationship in the use of positive and neutral 

publications. Although negative publications are not statistically significant, we can state 

that hypotheses H2 and H3 are also met for this NPO. 

4.5.3 Ford Foundation (@fordfoundation) 

The Ford Foundation, an institution created to fund programs to promote democracy, 

reduce racism and poverty, has a negative and significant correlation with Positive 

messages. The results presented in table 6 demonstrate that the message descriptions 

indicate the core of the intention and seriousness of supporting a cause and confirm 

hypotheses H1, H2 and H3 for this NPO. This conclusion is in line with what has already 

been concluded by Okazaki et al. (2015) and Tripathi and Verma (2018). 

4.5.4 Robert Wood Johnson Foundation (@RWJF) 

The Robert Wood Johnson Foundation is an American philanthropic organisation focused 

exclusively on health. The results obtained in the previous section demonstrate that the 

effort of the relationship between message sentiment and engagement has an equally 

positive impact on Neutral and Negative messages. Meanwhile, Positive messages impact 

negatively and statistically significantly. 
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All these findings are duly aligned with the hypotheses presented, demonstrating that the 

same continues to be verifiable for the situation, particularly for the Robert Wood Johnson 

Foundation. 

4.5.5 J. Paul Getty Trust – Getty Museum (@gettymuseum) 

The Getty Museum Twitter profile represents communication between the Paul Getty 

Museum and the Getty Research Institute. It is a cultural and philanthropic institution 

dedicated to presenting, conserving, and interpreting the world's artistic legacy. 

The results for this NPO support hypothesis H1, given that there is a positive and 

statistically significant relationship between the Neutral message and Engagement. The 

relationship between the Negative message and Engagement, although positive, is not 

statistically significant, and a positive relationship cannot be clearly assessed in 

hypothesis H3. However, when analysing the effects between the Positive message and 

Engagement, there is a negative and statistically significant relationship, whereby both 

the use of Positive and Neutral messages influences the Engagement of the audience. 
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5 CONCLUSION 

Data-driven Marketing is understood as data-driven analysis, enabled by information 

systems, technologies, methodologies, and practices, such as the use of Big Data, that 

allows the extraction of relevant data and its transformation into business insights 

(Nuortimo & Harkonen, 2019) through data collection - which are often publicly available 

- and online research allowing to understand better consumer needs and competitors' 

current offerings (Meng et al., 2018). 

Within this context, this study falls within management, and in particular marketing, a 

perspective that considers the importance of impact in using individual-level data to 

identify Twitter touchpoint sequences and determine the relative role of each touchpoint 

in Nonprofit Marketing profile Engagement. This work directed our contribution towards 

the influence of the sentiments analysed in owner tweets on engagement, as well as on 

the respective interaction with followers. 

In particular, the study revealed that sentiment analysis of tweets influences engagement 

and provides some evidence, albeit limited, that followers interact with profiles on 

specific features of tweets per Nonprofit segment. Next, we present the contributions of 

our work, its implications for managers, and its limitations. We conclude by adducing 

new directions of research. 

5.1 Main contributions 

The study that is now concluded brings contributions to academic and professional 

research because, synthetically, it contributes to the investigation of sentiment analysis 

and its implications for follower participation and the moderating effects of this 

phenomenon on the relationship between tweet characteristics and engagement. At the 

same time, it also serves as an asset to Marketing professionals in general, particularly 

those whose objective is to implement customer-focused strategies in Nonprofit 

Marketing effectively. 

The present study found traces of feelings in tweets that effectively influence engagement, 

particularly in the Nonprofit area. Tweets are related to the formation of individuals' 

perceptions about their goals in participating in the production of nonprofit services, and 
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these perceived characteristics have consequences on their engagement. At the same time, 

this study confirmed that several features of Natural Language Processing (NPL) 

applications, namely Convolutional Neural Networks (CNN), in particular with the use 

of BERT and Glove, have a relevant effect on sentiment analysis. It should also be noted 

that the relationship between Twitter data in Nonprofit Marketing, collected from 

Brandwatch, and validation with classification models were tested for the first time in this 

work. 

This study contributed to research in the Nonprofit Marketing area, considering the 

importance sentiment analysis has in interpreting followers' interactions with the tweet. 

In this domain, it is believed to be innovative. In summary, the most innovative 

contribution that we brought with this work was to analyse the extent to which the feelings 

of those targeted in the tweets contribute to engagement and the respective interaction 

with the characteristics of NPL tools. 

5.2 Work limitations 

This work has some limitations. It is worth mentioning them here. 

First, the sample is not representative of the universe of individuals involved in this 

service sector, so the data may not be generalizable to the national reality or the Nonprofit 

sector in general. 

Secondly, we considered the moderating effect of the feelings of the tweets in the 

relationship with engagement, not considering other contextual variables, that is, linked 

to the organization providing the service that can also interact with engagement. 

Thirdly, when analysing only the Brandwatch sample, a higher percentage of tweets with 

a neutral sentiment rating was obtained, which is consistent with the fact that Nonprofit 

companies do not show feelings about specific facts. However, this more significant 

number of neutral tweets concerning positive and negative may have had consequences 

on the result of training the dataset for sentiment analysis. Thus, it is recommended that 

future studies consider the interaction between personal values and/or cultural values. 
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5.3  Directions for future investigations 

This study aimed to determine the influence of the sentiments of tweets in the context of 

Nonprofit Marketing and the influence of tweets on the relationship between audience 

engagement. 

This investigation shows a relationship between some of the dimensions of feelings and 

engagement, arousing the curiosity of researchers to continue with complementary 

studies. There is still significant scope for investigation in the field of audience behaviour 

studies; as our approach focused on neutral, positive, and negative feelings, future 

research may consider other variables for the formation of antecedent factors of 

engagement such as individual, social and organizational factors. 

Finally, this study also offers a platform for future research. Concerning feelings, this 

variable can be combined with other personality variables (e.g., big five personality traits, 

etc.) to determine the individual contribution of each of them, as well as the contribution 

resulting from moderating effects. 
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ANNEX 1. BRANDWATCH QUERY  

 

 

  

mailto:secretariado@iscac.pt


 

 

Data-Driven Marketing: A sentiment 

analysis study in Nonprofit Marketing 

 

67 de 86  
Mod5.233_00  
SISTEMA INTERNO DE GARANTIA DA QUALIDADE  

Coimbra Business School | ISCAC 
Quinta Agrícola – Bencanta, 3045-601 Coimbra 

Tel +351 239 802 000; E-mail: secretariado@iscac.pt; www.iscac.pt 
 

ANNEX 2. CODE OF THE APPROACH BASED ON CNN 

INTEGRATED WITH GLOVE – PYTHON 

#Approach based on CNN integrated with GloVe 

import numpy as np 

import math 

import re 

import pandas as pd 

from bs4 import BeautifulSoup 

import random 

import seaborn as sns 

import matplotlib.pyplot as plt 

import nltk 

from nltk.corpus import stopwords 

nltk.download('stopwords') 

import tensorflow as tf 

from tensorflow.keras.preprocessing.text import Tokenizer 

from tensorflow.keras.preprocessing.sequence import pad_sequences 

from google.colab import drive 

 

#1. Dataset 

drive.mount('/content/drive') 

cols = ['sentiment', 'id', 'user', 'text'] 

data = pd.read_csv('/content/drive/MyDrive/training.mentions.csv', 

                   header = None, 

                   names = cols, 

                   engine='python', 

                   encoding='latin1') 

 

data.drop(['id', 'user'], 

          axis = 1, inplace=True) 

 

#2. Pre-processing 

 

def clean_tweet(tweet): 

  tweet = BeautifulSoup(tweet, 'lxml').get_text()  

  tweet = re.sub(r"@[A-Za-z0-9]+", ' ', tweet)  
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  tweet = re.sub(r"https?://[A-Za-z0-9./]+", ' ', tweet)  

  tweet = re.sub(r"[^a-zA-Z.!?']", ' ', tweet)  

  tweet = re.sub(r" +", ' ', tweet)  

  return tweet 

 

test = '99 ' + data.text[0] 

test 

result = clean_tweet(test) 

result 

data_clean = [clean_tweet(tweet) for tweet in data.text] 

data_labels = data.sentiment.values 

#data_labels[data_labels == 4] = 1 

 

sentences = data.text 

labels = data_labels 

 

embedding_dim = 100 

max_length = 16 

trunc_type='post' 

padding_type='post' 

oov_tok = "<OOV>" 

training_size=1280000 

 

tokenizer = Tokenizer() 

tokenizer.fit_on_texts(sentences) 

word_index = tokenizer.word_index 

vocab_size=len(word_index) 

sequences = tokenizer.texts_to_sequences(sentences) 

padded = pad_sequences(sequences, maxlen=max_length, padding=padding_type, 
truncating=trunc_type) 

 

#3. Creation of the New Dataset 

data_with_len = [[sent, data_labels[i], len(sent)]  

                 for i, sent in enumerate(sequences)] 

 

random.shuffle(data_with_len)  

data_with_len.sort(key=lambda x: x[2])  
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sorted_all = [(sent_lab[0], sent_lab[1]) 

              for sent_lab in data_with_len if sent_lab[2] > 7] 

 

all_dataset = tf.data.Dataset.from_generator(lambda: sorted_all, 

                                             output_types = (tf.int32, 
tf.int32))  

 

next(iter(all_dataset)) 

 

BATCH_SIZE = 32  

all_batched = all_dataset.padded_batch(BATCH_SIZE, padded_shapes=((None, ), 
())) 

next(iter(all_batched)) 

NB_BATCHES = len(sorted_all) // BATCH_SIZE  

NB_BATCHES 

 

NB_BATCHES_TEST = NB_BATCHES // 10 

NB_BATCHES_TEST 

 

all_batched.shuffle(NB_BATCHES) 

test_dataset = all_batched.take(NB_BATCHES_TEST) 

train_dataset = all_batched.skip(NB_BATCHES_TEST) 

 

next(iter(test_dataset)) 

 

next(iter(train_dataset)) 

 

#4. Training 

 

train_padded = padded[0:training_size] 

test_padded = padded[training_size:] 

train_labels = labels[0:training_size] 

test_labels = labels[training_size:] 

 

train_padded = np.array(train_padded) 

train_labels = np.array(train_labels) 

test_padded = np.array(test_padded) 

test_labels = np.array(test_labels) 
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embeddings_index = {}; 

with open('/content/drive/MyDrive/Glove/glove.6B.100d.txt') as f: 

    for line in f: 

        values = line.split(); 

        word = values[0]; 

        coefs = np.asarray(values[1:], dtype='float32'); 

        embeddings_index[word] = coefs; 

 

embeddings_matrix = np.zeros((vocab_size+1, embedding_dim)); 

for word, i in word_index.items(): 

    embedding_vector = embeddings_index.get(word); 

    if embedding_vector is not None: 

        embeddings_matrix[i] = embedding_vector; 

 

model = tf.keras.Sequential([ 

    tf.keras.layers.Embedding(vocab_size+1, embedding_dim, 
input_length=max_length,  

                              weights=[embeddings_matrix], trainable=False), 

    tf.keras.layers.Dropout(0.2), 

    tf.keras.layers.Conv1D(64, 5, activation='relu'), 

    tf.keras.layers.MaxPooling1D(pool_size=4), 

    tf.keras.layers.LSTM(64), 

    tf.keras.layers.Dense(1, activation='sigmoid') 

 

]) 

 

model.compile(loss='binary_crossentropy',optimizer='adam',metrics=['accuracy'
]) 

model.summary() 

 

checkpoint_path = '/content/drive/MyDrive/Checkpoints' 

ckpt = tf.train.Checkpoint(model=model) 

 

ckpt_manager = tf.train.CheckpointManager(ckpt, checkpoint_path, 
max_to_keep=1)  

 

if ckpt_manager.latest_checkpoint: 
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  ckpt.restore(ckpt_manager.latest_checkpoint) 

  print('Latest checkpoint restored!') 

 

class MyCustomCallBack(tf.keras.callbacks.Callback): 

  def on_epoch_end(self, epoch, logs=None):   

    ckpt_manager.save()                      

    print("Checkpoint savet at {}".format(checkpoint_path)) 

 

num_epochs = 5 

history = model.fit(train_padded,  

                    train_labels,  

                    epochs=num_epochs, 

                    steps_per_epoch = 100,  

                    validation_data=(test_padded, test_labels),  

                    verbose=2 

                   ) 

print("Training Complete") 

history.history.keys() 

plt.plot(history.history['loss']) 

plt.title('Loss progress'); 

 

plt.plot(history.history['accuracy']) 

plt.title('Accuracy progress'); 

 

results = model.evaluate(test_dataset) 

print(results) 

 

results = model.evaluate(train_dataset) 

print(results) 

 

ANNEX 3. CODE OF THE BERT-INTEGRATED CNN-BASED 

APPROACH AS TOKENIZER - BERT 

#1. Import of libraries 

import numpy as np 

import math 

import re 
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import pandas as pd 

from bs4 import BeautifulSoup 

import random 

import seaborn as sns 

import matplotlib.pyplot as plt 

from google.colab import drive 

 

  # 1.1 Architecture installation 

!pip install bert-for-tf2 

!pip install sentencepiece #Token que será utilizado 

 

import tensorflow_hub as hub  

from tensorflow.keras import layers 

import bert 

 

#2. Dataset Loading 

drive.mount('/content/drive') 

 

cols = ['sentiment', 'id','date', 'query', 'user', 'text']  

data = pd.read_csv('/content/drive/MyDrive/training.mentions.csv', 

                   header = None, 

                   names = cols, 

                   engine='python', 

                   encoding='latin1') 

data.drop(['id', 'user'], #'date', 'query',  

          axis = 1, inplace=True) 

 

#2.1 Text cleaning 

def clean_tweet(tweet): 

  tweet = BeautifulSoup(tweet, 'lxml').get_text()  

  tweet = re.sub(r"@[A-Za-z0-9]+", ' ', tweet)  

  tweet = re.sub(r"https?://[A-Za-z0-9./]+", ' ', tweet)  

  tweet = re.sub(r"[^a-zA-Z.!?']", ' ', tweet) 

  tweet = re.sub(r" +", ' ', tweet)  

  return tweet 

test = '99 ' + data.text[0] 

test 
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result = clean_tweet(test) 

result 

data_clean = [clean_tweet(tweet) for tweet in data.text] 

data_labels = data.sentiment.values  

data_labels 

 

#3 Tokenizer 

# Using BERT features to apply a token to the dataset 

FullTokenizer = bert.bert_tokenization.FullTokenizer  

bert_layer = hub.KerasLayer('https://tfhub.dev/tensorflow/bert_en_uncased_L-
24_H-1024_A-16/1', trainable=False)  

vocab_file = bert_layer.resolved_object.vocab_file.asset_path.numpy() 

do_lower_case = bert_layer.resolved_object.do_lower_case.numpy() 

tokenizer = FullTokenizer(vocab_file, do_lower_case) 

vocab_file 

len(tokenizer.vocab) 

def encode_sentence(sent): 

  return tokenizer.convert_tokens_to_ids(tokenizer.tokenize(sent)) 

data_inputs = [encode_sentence(sentence) for sentence in data_clean] 

 

#3.1 Creation of the new dataset 

data_with_len = [[sent, data_labels[i], len(sent)]  

                 for i, sent in enumerate(data_inputs)] 

 

random.shuffle(data_with_len)  

data_with_len.sort(key=lambda x: x[2])  

sorted_all = [(sent_lab[0], sent_lab[1]) 

              for sent_lab in data_with_len if sent_lab[2] > 7]  

 

all_dataset = tf.data.Dataset.from_generator(lambda: sorted_all, 

                                             output_types = (tf.int32, 
tf.int32))  

 

next(iter(all_dataset)) 

 

BATCH_SIZE = 32  

all_batched = all_dataset.padded_batch(BATCH_SIZE, padded_shapes=((None, ), 
())) 
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next(iter(all_batched)) 

len(sorted_all) 

 

NB_BATCHES = len(sorted_all) // BATCH_SIZE  

NB_BATCHES 

 

NB_BATCHES_TEST = NB_BATCHES // 10 

NB_BATCHES_TEST 

 

all_batched.shuffle(NB_BATCHES) 

test_dataset = all_batched.take(NB_BATCHES_TEST) 

train_dataset = all_batched.skip(NB_BATCHES_TEST) 

 

next(iter(test_dataset)) 

 

next(iter(train_dataset)) 

 

#4 DCNN with BERT 

class CNN(tf.keras.Model): 

 

  def __init__(self, 

               vocab_size, 

               emb_dim=128, 

               nb_filters = 50, 

               FFN_units=512, 

               nb_classes=2, 

               dropout_rate=0.1, 

               training=False, 

               name="dcnn"): 

    super(CNN, self).__init__(name=name) 

    self.embedding = layers.Embedding(vocab_size, emb_dim) 

    self.bigram = layers.Conv1D(filters = nb_filters, 

                                kernel_size = 2, 

                                padding='valid', 

                                activation='relu') 

    self.trigram = layers.Conv1D(filters = nb_filters, 

                                kernel_size = 3, 
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                                padding='valid', 

                                activation='relu') 

    self.fourgram = layers.Conv1D(filters = nb_filters, 

                                kernel_size = 4, 

                                padding='valid', 

                                activation='relu') 

        self.pool = layers.GlobalMaxPool1D() 

 

    self.dense_1 = layers.Dense(units = FFN_units, activation='relu') 

    self.dropout = layers.Dropout(rate=dropout_rate) 

    if nb_classes == 2: 

      self.last_dense = layers.Dense(units=1, activation='sigmoid') 

    else: 

      self.last_dense = layers.Dense(units=nb_classes, activation='softmax') 

  def call(self, inputs, training): 

    x = self.embedding(inputs) 

    x_1 = self.bigram(x) 

    x_1 = self.pool(x_1) 

    x_2 = self.trigram(x) 

    x_2 = self.pool(x_2) 

    x_3 = self.fourgram(x) 

    x_3 = self.pool(x_3) 

    merged = tf.concat([x_1, x_2, x_3], axis = -1) 

    merged = self.dense_1(merged) 

    merged = self.dropout(merged, training) 

    output = self.last_dense(merged) 

    return output 

 

# 5. Training 

VOCAB_SIZE = len(tokenizer.vocab) 

EMB_DIM = 200 

NB_FILTERS = 100 

FFN_UNITS = 256 

NB_CLASSES = 2 

DROPOUT_RATE = 0.2 

NB_EPOCHS = 5 

Cnn = CNN(vocab_size=VOCAB_SIZE, 
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            emb_dim=EMB_DIM, 

            nb_filters = NB_FILTERS, 

            FFN_units = FFN_UNITS, 

            nb_classes = NB_CLASSES, 

            dropout_rate = DROPOUT_RATE) 

if NB_CLASSES == 2: 

  Cnn.compile(loss='binary_crossentropy', optimizer='adam', 
metrics=['accuracy']) 

else: 

  Cnn.compile(loss='sparse_categorical_crossentropy', optimizer='adam', 
metrics=['sparse_categorical_accuracy']) 

 

checkpoint_path = '/content/drive/MyDrive/Checkpoints' 

 

ckpt = tf.train.Checkpoint(Cnn=Cnn) 

ckpt_manager = tf.train.CheckpointManager(ckpt, checkpoint_path, 
max_to_keep=1)  

 

if ckpt_manager.latest_checkpoint: 

  ckpt.restore(ckpt_manager.latest_checkpoint) 

  print('Latest checkpoint restored!') 

class MyCustomCallBack(tf.keras.callbacks.Callback): 

  def on_epoch_end(self, epoch, logs=None):  #definição padrão 

    ckpt_manager.save()                      #código personalizado 

    print("Checkpoint savet at {}".format(checkpoint_path)) 

 

history = Cnn.fit(train_dataset, 

                   epochs=NB_EPOCHS, 

                   steps_per_epoch = 100,  

                   callbacks=[MyCustomCallBack()]) 

 

# 6.0 Model evaluation 

history.history.keys() 

plt.plot(history.history['loss']) 

plt.title('Loss progress'); 

 

plt.plot(history.history['accuracy']) 

plt.title('Accuracy progress'); 
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results = Cnn.evaluate(test_dataset) 

print(results) 

 

results = Cnn.evaluate(train_dataset) 

print(results) 
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ANNEX 4. CODE OF THE BERT-BASED APPROACH AS AN 

EMBEDDING LAYER – BERT-CNN 

import numpy as np 

import math 

import re 

import pandas as pd 

from bs4 import BeautifulSoup 

import random 

import matplotlib.pyplot as plt 

 

from google.colab import drive 

 

!pip install bert-for-tf2 

!pip install sentencepiece 

 

import tensorflow as tf 

import tensorflow_hub as hub 

from tensorflow.keras import layers 

import bert 

 

drive.mount("/content/drive") 

 

cols = ["sentiment", "id", "date", "query", "user", "text"] 

data = pd.read_csv( 

    "/ content/drive/MyDrive/training.mentions.csv ", 

    header=None, 

    names=cols, 

    engine="python", 

    encoding="latin1" 

) 

 

data.drop(["id", "date", "query", "user"], 

          axis=1, 

          inplace=True) 

 

def clean_tweet(tweet): 

mailto:secretariado@iscac.pt


 

 

Data-Driven Marketing: A sentiment 

analysis study in Nonprofit Marketing 

 

79 de 86  
Mod5.233_00  
SISTEMA INTERNO DE GARANTIA DA QUALIDADE  

Coimbra Business School | ISCAC 
Quinta Agrícola – Bencanta, 3045-601 Coimbra 

Tel +351 239 802 000; E-mail: secretariado@iscac.pt; www.iscac.pt 
 

    tweet = BeautifulSoup(tweet, "lxml").get_text() 

    tweet = re.sub(r"@[A-Za-z0-9]+", ' ', tweet) 

    tweet = re.sub(r"https?://[A-Za-z0-9./]+", ' ', tweet) 

    tweet = re.sub(r"[^a-zA-Z.!?']", ' ', tweet) 

    tweet = re.sub(r" +", ' ', tweet) 

    return tweet 

data_clean = [clean_tweet(tweet) for tweet in data.text] 

data_labels = data.sentiment.values 

FullTokenizer = bert.bert_tokenization.FullTokenizer 

bert_layer = hub.KerasLayer("https://tfhub.dev/tensorflow/bert_en_uncased_L-
24_H-1024_A-16/1", 

                            trainable=False) 

vocab_file = bert_layer.resolved_object.vocab_file.asset_path.numpy() 

do_lower_case = bert_layer.resolved_object.do_lower_case.numpy() 

tokenizer = FullTokenizer(vocab_file, do_lower_case) 

 

def encode_sentence(sent): 

  return ["[CLS]"] + tokenizer.tokenize(sent) + ["[SEP]"] 

 

data_inputs = [encode_sentence(sentence) for sentence in data_clean] 

 

def get_ids(tokens): 

  return tokenizer.convert_tokens_to_ids(tokens) 

 

np.char.not_equal("[PAD]", "[PAD]") 

 

def get_mask(tokens): 

  return np.char.not_equal(tokens, "[PAD]").astype(int) 

 

def get_segments(tokens): 

  seg_ids = [] 

  current_seg_id = 0 

  for tok in tokens: 

    seg_ids.append(current_seg_id) 

    if tok == "[SEP]": 

      current_seg_id = 1 - current_seg_id 

  return seg_ids 
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my_sent = ["[CLS]"] + tokenizer.tokenize("She goes for a walk.") + ["[SEP]"] 

my_sent 

 

bert_layer([ 

            tf.expand_dims(tf.cast(get_ids(my_sent), tf.int32), 0), 

            tf.expand_dims(tf.cast(get_mask(my_sent), tf.int32), 0), 

            tf.expand_dims(tf.cast(get_segments(my_sent), tf.int32), 0)  

           ]) 

 

data_with_len = [[sent, data_labels[i], len(sent)] 

                 for i, sent in enumerate(data_inputs)] 

random.shuffle(data_with_len) 

data_with_len.sort(key = lambda x: x[2]) 

sorted_all = [([get_ids(sent_lab[0]), 

               get_mask(sent_lab[0]), 

               get_segments(sent_lab[0])], 

              sent_lab[1]) 

              for sent_lab in data_with_len if sent_lab[2] > 7] 

 

all_dataset = tf.data.Dataset.from_generator(lambda: sorted_all, 

                                             output_types=(tf.int32, 
tf.int32)) 

 

BATCH_SIZE = 32 

all_batched = all_dataset.padded_batch(BATCH_SIZE, 

                                       padded_shapes=((3, None), ()), 

                                       padding_values=(0, 0)) 

 

NB_BATCHES = len(sorted_all) // BATCH_SIZE 

NB_BATCHES_TEST = NB_BATCHES // 10 

all_batched.shuffle(NB_BATCHES) 

test_dataset = all_batched.take(NB_BATCHES_TEST) 

train_dataset = all_batched.skip(NB_BATCHES_TEST) 

 

class CNNBERTEmbedding(tf.keras.Model): 
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    def __init__(self, 

                 nb_filters=50, 

                 FFN_units=512, 

                 nb_classes=2, 

                 dropout_rate=0.1, 

                 name="dcnn"): 

        super(CNNBERTEmbedding, self).__init__(name=name) 

         

        self.bert_layer = 
hub.KerasLayer("https://tfhub.dev/tensorflow/bert_en_uncased_L-24_H-1024_A-
16/1", 

                                         trainable = False) 

 

        self.bigram = layers.Conv1D(filters=nb_filters, 

                                    kernel_size=2, 

                                    padding="valid", 

                                    activation="relu") 

        self.trigram = layers.Conv1D(filters=nb_filters, 

                                     kernel_size=3, 

                                     padding="valid", 

                                     activation="relu") 

        self.fourgram = layers.Conv1D(filters=nb_filters, 

                                      kernel_size=4, 

                                      padding="valid", 

                                      activation="relu") 

        self.pool = layers.GlobalMaxPool1D() 

        self.dense_1 = layers.Dense(units=FFN_units, activation="relu") 

        self.dropout = layers.Dropout(rate=dropout_rate) 

        if nb_classes == 2: 

            self.last_dense = layers.Dense(units=1, 

                                           activation="sigmoid") 

        else: 

            self.last_dense = layers.Dense(units=nb_classes, 

                                           activation="softmax") 

     

    def embed_with_bert(self, all_tokens): 

      _, embs = self.bert_layer([all_tokens[:, 0, :], 

                                 all_tokens[:, 1, :], 
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                                 all_tokens[:, 2, :]]) 

      return embs 

 

    def call(self, inputs, training): 

        x = self.embed_with_bert(inputs) 

         

        x_1 = self.bigram(x) 

        x_1 = self.pool(x_1) 

        x_2 = self.trigram(x) 

        x_2 = self.pool(x_2) 

        x_3 = self.fourgram(x) 

        x_3 = self.pool(x_3) 

         

        merged = tf.concat([x_1, x_2, x_3], axis=-1)  

        merged = self.dense_1(merged) 

        merged = self.dropout(merged, training) 

        output = self.last_dense(merged) 

         

        return output 

 

NB_FILTERS = 100 

FFN_UNITS = 256 

NB_CLASSES = 2 

DROPOUT_RATE = 0.2 

BATCH_SIZE = 32 

NB_EPOCHS = 5 

 

Dcnn = CNNBERTEmbedding(nb_filters=NB_FILTERS, 

                         FFN_units=FFN_UNITS, 

                         nb_classes=NB_CLASSES, 

                         dropout_rate=DROPOUT_RATE) 

 

if NB_CLASSES == 2: 

    Dcnn.compile(loss="binary_crossentropy", 

                 optimizer="adam", 

                 metrics=["accuracy"]) 

else: 
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    Dcnn.compile(loss="sparse_categorical_crossentropy", 

                 optimizer="adam", 

                 metrics=["sparse_categorical_accuracy"]) 

 

checkpoint_path = "/content/drive/MyDrive/Checkpoints" 

 

ckpt = tf.train.Checkpoint(Dcnn=Dcnn) 

 

ckpt_manager = tf.train.CheckpointManager(ckpt, checkpoint_path, 
max_to_keep=1) 

 

if ckpt_manager.latest_checkpoint: 

    ckpt.restore(ckpt_manager.latest_checkpoint) 

    print("Latest checkpoint restored!!") 

 

class MyCustomCallback(tf.keras.callbacks.Callback): 

 

    def on_epoch_end(self, epoch, logs=None): 

        ckpt_manager.save() 

        print("Checkpoint saved at {}.".format(checkpoint_path)) 

 

history = Dcnn.fit(train_dataset, 

                   epochs=NB_EPOCHS, 

                   steps_per_epoch = 100, 

                   callbacks=[MyCustomCallback()]) 

 

history.history.keys() 

 

plt.plot(history.history['loss']) 

plt.title('Loss progress'); 

 

plt.plot(history.history['accuracy']) 

plt.title('Accuracy progress'); 

 

# Analyse test results  

results = Dcnn.evaluate(test_dataset) 

print(results) 
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results = Dcnn.evaluate(train_dataset) 

print(results) 
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ANNEX 5. PAPER PUBLISHED IN CISTI 2021 

 

 

https://ieeexplore.ieee.org/abstract/document/9476506 
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