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 Resumo  

Email Marketing é uma das principais fontes de tráfego no Marketing Digital. Gera 

um elevado retorno sobre investimento para a empresa e permite alcançar clientes novos 

ou já existentes de uma forma rápida e económica. O primeiro passo para uma campanha 

de email marketing bem-sucedida é conseguir que os respetivos recipientes abram o email. 

Portanto, é importante perceber como é que as empresas conseguem melhorar as taxas de 

abertura de email das suas campanhas.  

Nesta dissertação, analisamos os principais fatores que impulsionam a taxa de 

abertura de campanhas financeiras de email marketing. Com esse propósito, 

desenvolvemos um algoritmo de classificação que consegue prever com precisão o sucesso 

ou o fracasso de uma campanha, tendo em conta o seu comportamento de abertura. Uma 

campanha é classificada como bem-sucedida se tiver uma taxa de abertura de email 

superior á media, caso contrário, é rotulada como fracasso. Para alcançar isso, utilizamos e 

avaliamos três algoritmos de classificação, com diferentes técnicas de seleção de atributos.  

Os resultados obtidos demonstram que é possível prever o desempenho de uma campanha 

com aproximadamente 82% de accuracy, utilizando o algoritmo Random Forest e a técnica de 

filtragem de atributos redundantes. Com este modelo, marketers vão ter a oportunidade de 

corrigir potenciais problemas numa campanha que poderiam impactar fortemente a sua 

receita. Além disso, foi feita uma análise do email subject line e preheader das campanhas em 

estudo, com o objetivo de perceber quais são as palavras-chave e combinações de palavras-

chave associadas a uma maior taxa de abertura. Os resultados obtidos foram 

posteriormente avaliados num cenário real através da realização de testes A/B. 

 

 

Palavras-Chave: Campanhas de Marketing; Email Marketing; Marketing Digital; Taxa de 

Abertura.  
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Abstract 

Email Marketing is one of the most important traffic sources in Digital Marketing. It 

yields a high return on investment for the company and offers a cheap and fast way to 

reach existent or potential clients. Getting the recipients to open the email is the first step 

for a successful campaign. Therefore, it´s important to understand how marketers can 

improve the email open rate of a marketing campaign.  

In this dissertation, we analyze the main factors driving the open rate of financial 

email marketing campaigns. For that purpose, we developed a classification algorithm that 

can accurately predict whether a campaign will be labeled as Successful or Failure, according 

to its opening behavior. A campaign is classified as Successful if it has an email open rate 

above the average, otherwise it is labeled as Failure. To achieve this, we have employed and 

evaluated three algorithms, with different feature selection techniques. Our results showed 

that it is possible to predict the performance of an email marketing campaign with 

approximately 82% accuracy, by using the Random Forest algorithm and the redundant 

filter selection technique. With this model, marketers will have the chance to sooner 

correct potential problems in a campaign that could highly impact its revenue. Additionally, 

we performed a text analysis of the subject line and preheader to discover which keywords 

and keyword combinations trigger a higher email open rate. The results obtained were then 

validated in a real setting through A/B testing.  

 

 

Keywords:  Digital Marketing; Email Marketing; Marketing Campaigns, Open rate. 
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1. Introduction 

Since the beginning of the 21st century technology has been improving drastically, 

changing the way information is deliver and forcing companies to adjust their marketing 

strategy (Rust & Oliver, 1994). The introduction of the Internet allowed a new form of 

communication, known as Digital Marketing.   One of the most important traffic sources in 

Digital Marketing is Email Marketing. It offers a cheap and fast way for companies to reach 

their customers. Indeed, a recent study showed that 59% of the marketers1 inquired stated 

that Email Marketing is the source that brings the highest return on investment (ROI) for 

the firm (“Email Marketing Industry Report”, 2018). Thus, it´s is crucial to study how 

marketers can improve the response rates of their marketing campaigns.  

In this dissertation, we analyze the main factors driving the open rate of financial 

email marketing campaigns. Getting the recipients to open the email is the first step for a 

successful marketing campaign, as it determines the reach of the campaign (Bonfrer & 

Drèze, 2009; Chittenden & Rettie, 2003). Therefore, it´s important for marketers to first 

understand how they can improve the email open rate of a campaign. The existent research 

studies on email open rate prediction adopt an approach at the recipient level (Luo et al., 

2015) or at the campaign level (Balakrishnan & Parekh, 2014; Jaidka et al., 2018). In this 

application work, we studied the open rate of email marketing campaigns at the campaign 

level because we didn´t have access to data at the recipient level, due to the General Data 

Protection Regulation (GDPR) requirements. We treated this work as a classification 

problem, opposed to a regression problem, because our objective was to analyze 

qualitatively the main factors contributing to campaigns with an email open rate above the 

average. With that purpose, we developed a classification algorithm that can accurately 

predict if a campaign will be classified as Successful or Failure. A campaign is classified as 

Successful if it has an open rate above the average, otherwise it is classified as Failure. 

Additionally, we did a text analysis of the subject line and preheader to discover which 

keywords and keyword combinations are associated with a higher open rate. To validate 

the results obtained in a real setting, we performed the controlled experiment A/B testing 

in the deployment stage. This framework was applied in a Portuguese Digital Marketing 

company, as a case study.  

 
1 A person or company that advertises or promotes something. 
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By using data-driven models, advertisers can accurately predict the performance of 

an email campaign before even sending it. In fact, if a marketer knows in advance if a 

campaign is going to be successful or not, it provides the opportunity to sooner correct 

potential problems that could strongly impact the campaign´s revenue. To our knowledge, 

this is the first publication that does an intense qualitative analysis on this topic for the 

Financial sector. Nowadays, financial institutions are using Email Marketing as an 

important traffic source to communicate with existent or potential clients. Therefore, this 

study will guide marketers on how to implement successful campaigns in this field. 

This dissertation led to a publication in an international conference, DS2019: 22nd 

International Conference on Discovery Science, and a publication in the book series 

Lecture Notes in Computer Science (LNCS) of Springer.  

Dissertation Outline 

This dissertation follows the CRISP-DM methodology (Wirth & Hipp, 2000). This 

framework consists of the following stages: Business Understanding, Data Understanding, 

Data Preparation, Modelling, Evaluation and Deployment.  

In Chapter 2, an extensive literature review on this dissertation topic is presented. 

The Chapter 3, Business Understanding, provides a detailed description of the business 

problem in hand. In Chapter 4, so-called Data Understanding, the processes of data 

extraction, description and exploration are described. Chapter 5 corresponds to the Data 

Preparation stage. This section englobes the following pre-processing methods: data 

cleaning, data transformation and feature selection. The Chapter 6 corresponds to the 

Modelling section, where the Machine Learning algorithms developed are presented as well 

as the framework used to validate the model predictions. Afterwards, Chapter 7 describes 

the several experiments performed and the evaluation metrics computed to select the best 

algorithm and feature selection technique for this classification problem. In Chapter 8, the 

Deployment stage, the strategy used to validate the results obtained in a real setting is 

described. To end, Chapter 9 presents the conclusions of this study, the main limitations 

and some suggestions for future work.  
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2. Literature Review 

This chapter presents a review of Digital Marketing, more precisely in Email 

Marketing. It begins with the evolution of advertising, from Traditional to Digital 

Marketing, and the importance of this marketing transformation in the Financial sector. 

Then, the advantages provided by personalized marketing and permission-based marketing 

are presented. Afterwards, an extensive review of Email Marketing is given, commencing 

with the main metrics and the controlled experiment A/B testing used by marketers to 

evaluate the performance of their campaigns. It culminates with the main factors affecting 

the open behavior of email marketing campaigns and the data driven models developed in 

this field. 

2.1. Digital Marketing 

Advertising is an important part of the marketing strategy of any business. The rise 

of advertising began with the development of printing press, during the 15th and 16th 

century, allowing companies to reach the masses in a more cost-effective way. Afterwards, 

in the 17th century, the first form of traditional mass-media advertisement was created, the 

newsletter advertising. During the 18th and 19th centuries, the development of direct mail 

expanded the newsletter advertising. In the 20th century, the radio and television offered 

new mediums for companies to reach their customers. The era of Digital Marketing was 

born with the introduction of the Internet, in the 21st century. This marketing evolution 

allowed marketers to engage with a broader audience (Laroche, Kiani, Economakis, & 

Richard, 2013). 

Digital Marketing takes advantage of interactive media channels to develop new 

forms of communication and transaction between companies and customers. Traditional 

Marketing, also known as mass media, uses a one-way communication from the company 

to the customer, while Digital Marketing allows a two-way interaction at a lower cost 

(Parsons, Zeisser, & Waitman, 1998).  Consumers are not only the message receives; they 

can also give implicit or explicit instant feedback to the company. Implicit consumer 

feedback can be obtained from tracking techniques that marketers use to follow the 

consumer online behavior. Consumers can give explicit feedback by sending for instance 

an email to the company or filling out a form or survey on the company’s website (Liu & 

Shrum, 2002). 
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The Financial sector has been relatively slow when it comes to this marketing 

revolution. Historically, financial institutions were slightly conservative and counted on 

their customers to remain loyal, since it was quite difficult to change between banks 

(Steven DeLaCastro, 2016). However, as this sector has become extremely competitive, 

organizations are having the necessity to embrace the digital world to remain relevant. 

Digital Marketing provides an opportunity for banks, insurance companies and other 

financial institutions to align with consumer lifestyles, to target consumers more efficiently 

and to provide personalized experiences.  

2.1.1. Personalized Marketing 

Nowadays, companies have access to personal information about their clients, 

whether by on-site surveys or by tracking the information they leave while browsing a 

website. Advertisers can use this information to deliver a unique content to each customer. 

It is proven that personalized marketing, also known as one-to-one marketing, can improve 

customer response (Ansari & Mela, 2003; Sahni, Wheeler, & Chintagunta, 2018). Peppers, 

Rogers, and Dorf (1999) stated that “one-to-one marketing (also called relationship 

marketing or customer-relationship management) means being willing and able to change 

your behavior toward an individual customer based on what the customer tells you and 

what else you know about that customer” (p.1).  

Personalization can be performed by adding informative (e.g. implicit product-based 

personalization) or non-informative content (e.g. personalized greeting). The marketing 

literature describes three mechanisms by which non-informative personalization can drive 

consumer behavior. The first mechanism shows that people inevitably orient their attention 

to their own name (Rogers, Kuiper, & Kirker, 1977). Thus, personalizing the marketing 

messages with non-informative content can attract the customer attention to open the 

message and accept the offer. The second mechanism reveals that the processing of the 

informative content by the recipient is heightened with the use of non-informative content.  

For instance, the non-informative content can increase the likelihood of the recipient using 

the campaign discount (Petty, Cacioppo, & Schumann, 1983; Wheeler, Petty, & Bizer, 

2005). The third mechanism states that people are persuaded by marketing content that fits 

with their identity and interests (Reed, 2004). Hence, using non-informative personalization 

can improve the recipient´s opinion about the advertised product, increasing the 

probability of converting and accepting the offer.  
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Sahni et al. (2018) studied the impact of non-informative personalization in the 

performance of an email marketing campaign, by including the recipient´s name in the 

subject line.  They concluded that using personalization in the subject line not only 

increases the email open rate but also increases sales and decreases the unsubscribe rate. 

On the same note, Tam and Ho (2006) found that using personalized greetings in banner 

advertisements 2 leads to a positive response from the recipient. However, these findings 

contradicts the study of Wattal, Telang, Mukhopadhyay, and Boatwright (2012). They 

stated that consumer response depends on the type of personalization (personalized 

greeting or product-based personalization) and on the familiarity with the firm. When 

companies use implicit product-based personalization, where the use of personal 

information is not evident for the customer, consumers respond positively.  Consumers 

respond negatively when companies use explicitly their personal information, for example 

in a personalized greeting. The degree of this negative response depends on the costumer´s 

familiarity with the company. A high familiarity with the company attenuates the negative 

impact of non-informative personalized marketing.   

The different conclusions obtained in the literature can be explained by the different 

methodologies used in the studies. Wattal et al. (2012) compared the behavior of individuals 

who were selected to receive personalized emails with the behavior of those who were not 

selected. This selection was not at random, which might had influenced the results. The 

study of Sahni et al. (2018) overcame that problem by using randomization to get to a-priori 

similar comparison groups. Wattal et al. (2012) noted that in the study of Tam and Ho 

(2006) the subjects voluntary visited the website on their own and, therefore, were “pulled” 

to the personalized greeting in the banner advertisements. While in their study, the email 

“pushes” the marketing message to the consumer. Thus, a more aggressive exposure to the 

personalized content explains the worse customer response to the personalized greeting.  

 

 

 

 
2 Form of advertising on the World Wide Web provided by an ad server. It is intended to attract traffic to a 
specific website by linking the banner to the website of the advertiser. 
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2.1.2. Permission Marketing 

Companies can use private user information to reach their customers with relevant 

and individualized marketing content. Consumers can find personalized marketing as more 

appealing and connected to their interests (Tam & Ho, 2006); though, they can also 

perceive this messages as intrusiveness (J. Phelps, Nowak, & Ferrell, 2000; Tucker, 2014). 

This vulnerability to the use of private information can lead to "reactance" to personalized 

marketing (White, Zahay, Thorbjørnsen, & Shavitt, 2008), which is a motivational state 

when consumers resist to something they find coercive by acting in the opposite way it was 

expected (Brehm, 1966).  

To ensure that customer information is kept confidential and the legal requirements 

imposed by the General Data Protection Regulation are satisfied, companies are now 

forced to ask for the consumer consent before sending marketing content.  This concept is 

known as Permission Marketing (Godin, 1999). Goldfarb and Tucker (2011) found that 

Digital Marketing became less effective after the privacy regulation. Nonetheless, in opt-in 

advertising networks as Facebook, where users have explicit control over their privacy 

settings, companies can benefit from this regulation (Tucker, 2014). Giving more control 

to users on the collection and use of their personal information data can decrease the 

reactance effect of personalized marketing, improving the performance of Digital 

Marketing  (J. Phelps et al., 2000).  

2.2. Email Marketing 

Email Marketing is one of the most important traffic source in Digital Marketing  (J. 

E. Phelps, Lewis, Mobilio, Perry, & Raman, 2004). This channel provides a two-way 

communication between the firm and its customers, allowing personalization and targeting 

of marketing messages. Customers receive information that is more relevant and suited to 

their needs, thus improving the client response to marketing content. Compared to other 

marketing channels, Email Marketing has associated lower costs, faster delivery and allows 

marketers to measure in a more efficient way their marketing results.  
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2.2.1. Campaign Performance 

2.2.1.1. Key Performance Indicators 

The advent of Digital Marketing allowed marketers to measure efficiently all their 

marketing results and to understand where those results were coming from.  There are 

basic metrics that must be measured to evaluate the performance of an email marketing 

campaign (Kolowich, 2016).  

The email open rate gives the percentage of recipients that opened the email. It is 

calculated by dividing the number of emails opened by the number of emails delivered. The 

clickthrough rate (CTR) is the percentage of email recipients that clicked in at least one link 

of the email content. It is important to track this metric because it measures how many 

users are engaging with the content and are interested in knowing more about the offer and 

the company. A marketing campaign is designed with a clear purpose, for example with the 

goal of lead generation or purchase of a specific product. The conversion rate measures the 

percentage of email recipients that clicked on a link and completed the desired action of 

the campaign. This is the most important metric in measuring into what extent the goal of 

the campaign was achieved, and it gives insights on the return on investment. The return 

on investment (ROI) is determined by dividing the total revenue of the campaign by the 

total cost.  

Another key metric is the percentage of email bounces, which is the rate of emails 

sent that could not be delivered to the recipient´s inbox. There are two type of bounces, 

hard bounces and soft bounces. Soft bounces result from temporary problems, for instance 

a full recipient inbox or a problem with the recipient server. Hard bounces are emails that 

will never be delivered, because the email addresses are invalid, or they do not exist. 

Marketers must clean their mailing list from the hard bounces, as it can affect their email 

sender reputation and decrease the marketing performance.  

The unsubscribe rate should also be measured, that is the percentage of people that 

unsubscribed from the email list. This metric is not very reliable because there are 

subscribers that are unengaged but don´t follow the formal process of unsubscribing from 

the email program, they just stop opening the emails, clicking and converting. Therefore, 

the unengaged subscribers must be taken in account and removed from the mailing list. To 

end, the number of spam complaints must be controlled because it gives the number of 

recipients that marked the email as spam. The action of marking the email as spam can 
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happen even before opening the email, just based on the sender name and on the subject 

line. Hence, it´s important to be aware of the number of spam complaints as it can impact 

the campaign performance.  

2.2.1.2 Controlled Experiments  

For optimizing a marketing campaign, advertisers can run controlled 

experiments, such as A/B testing, to test how small changes in a campaign can 

impact its performance. It is possible to test almost every component of an email 

marketing campaign, from the subject line to the number of images in the email. The 

main idea in an A/B test is to run, simultaneously, two or more variations of the same 

campaign to see which is the most successful version.  

The first step required to set up an effective A/B test is to determine what is 

the element to test. To get more accurate results from the experiment it is important 

to test only one campaign element at a time. Each component that is tested will 

likely have a different impact on the marketing funnel 3. For instance, testing the 

email subject line will likely impact the open rate. While varying the email call-to-

action bottom will probably influence the click through rate and/or the conversion 

rate. Therefore, it is also essential to determine what are the evaluation metrics that 

need to be improved and decide which components to test according to that  goal. If 

a campaign has a low email open rate, probably the best action is to test the sender, 

the subject line or the preheader.  

During the A/B test period, half of the recipients are randomly sent the control 

version, which is commonly the actual version, ant the other half receives the treatment 

version, which is usually the new version being tested (Kohavi, Longbotham, Sommerfield, 

& Henne, 2009). After the test ends, the recipients will then receive the winning version. 

The winning version is determined according to the goal of the test. If the test has the goal 

of improving the email open rate, the version with the higher open rate will be designated 

as the winner.  

 

 

 
3 Representation of how somebody goes from prospect to customer. 
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2.2.2. Email Open Behavior 

An essential metric in determining the performance of a campaign is the email open 

rate. Opening the email is a necessary condition for the recipient to convert to the 

campaign offer. Therefore, analyzing the email open behavior is vital for the success of a 

campaign (Bonfrer & Drèze, 2009; Chittenden & Rettie, 2003). Before making the decision 

to open or not the email, the recipient has information of the sender and the subject line 

and/or preheader. Thus, the email open rate strongly depends on these components (Ellis-

Chadwick & Doherty, 2012). The sender is the person or entity that sends the email and 

the subject line is usually a short description of the email content. In addition to the subject 

line, a preheader can also be used to complement the subject matter.  

The sender name and the language used in the subject line and preheader can lead 

the recipient to open the email sooner, to delete the email without even opening it, to mark 

the email as spam or even unsubscribe from the mailing list (Jaidka et al., 2018). To capture 

the recipient attention to open the email, the sender name must by recognizable and 

trustworthy by the recipient. An important element in building consumer trust is the 

company reputation in the market (Afzal, Khan, ur Rehman, Ali, & Wajahat, 2010). Indeed, 

consumers are more likely to open an email from a company with a good reputation, who 

they can trust.  

Concerning the email subject line and preheader, marketers should be cautious in using 

excessive capitalization and punctuation, since it can have a negative impact on the email 

open rate. Even if this can vary on the industry, audience and content of the marketing 

messages, marketers should test which is the punctuation that their subscribers are more 

likely to respond. The length of the subject line can have a negative impact on the open 

behavior (Chittenden & Rettie, 2003) . Depending on the device the recipient uses to open 

the email, if the subject line is long some words may not be visible to the reader and the 

recipient will not know what the email is about and can simply ignore it. Therefore, 

marketers should avoid using long subject lines.  

Another important element to take in account is the frequency and timing the marketing 

content is sent. Kumar, Zhang, and Luo (2014) concluded that high email frequency can 

induce customers to unsubscribe from the email program. Thus, marketers must analyze 

what is the best time and frequency to send their campaigns because that can affect the 

campaign performance (Chittenden & Rettie, 2003; Ellis-Chadwick & Doherty, 2012).  
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Figure 1. Data Mining techniques in Email Marketing. 
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Lastly, using personalized greetings in the email subject line can improve the performance 

of an email campaign. People inevitably orient their attention to their own name. So, an 

email with the recipient´s name can increase the probability of opening the email. Sahni et 

al. (2018) studied the impact of adding the recipient´s name in the email subject line on the 

performance of a campaign. The result was an increase of 20% in the email open rate, 

which conduced to an increase in sales and decrease in the unsubscribe rate.  

A recent article, published by MacDonald (2018), stated that campaigns with a higher 

open rate have a subject line with 6 to 10 words and are sent during week days and after 

lunch time. Hence, good subject lines are the ones that attract the initial recipient attention 

to open the email, using personalization, a low number of characters and avoiding 

excessive punctuation and capitalization. 

2.2.3. Data Mining in Email Marketing  

In the Email Marketing field, marketers are using data-driven models to optimize the 

performance of their marketing campaigns and to improve customer experience (Rygielski, 

Wang & Yen, 2002). The scheme in Figure 1 illustrates that.  

 

 

 

 

 

 

 

 

 

The existent research studies on email open rate prediction assume an approach at 

the recipient level (Luo et al., 2015) or at the campaign level (Balakrishnan & Parekh, 2014; 

Jaidka et al., 2018).  
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Table 1. Research studies on email open rate prediction. 

Author Problem Methodology Results 

Luo et al. 
(2015) 
  

Predict the “opens” and 
“unopens” of targeted 

marketing emails. 

Support Vector Machine and 
Decision tree. 

Prediction of the email open 
rate with approximately 80% 
F1-measure, on the “opens”. 

Balakrishnan 
and Parekh 
(2014) 

Predict the email open 
rate based on the subject 

line. 

Random Forest regression 
model. 

The model performed better 
than the baseline with a 

significance level of 95% or 
more. 

Jaidka et al. 
(2018) 

Explore the differences 
in the recipients’ 

preferences for subject 
lines of marketing emails 
from different business 

areas (Finance, 
Cosmetics, Television). 

5-fold cross–validated weighted 
linear regression; Regression 
analysis to study the effect of 

different subject line language in 
the open rate; Domain 

adaptation method. 

Using certain styling 
strategies in the subject line, 

according to the business 
area of the campaign, can 
strongly impact the email 

open rate. 

 

Luo et al. (2015) developed a model to predict if a targeted email will be open or not. 

For each email recipient, the classification model classified the email in “open” or 

“unopen”. The model was trained using historical data, from features extracted from the 

"open" and "unopen" instances of emails sent in the past. They used features from the 

emails (subject line, day and time the email was sent) and from the recipients’ profiles 

(recipient location, computation environment, response time and email domain). For the 

prediction phase they used two different classifiers, Support Vector Machine and Decision 

tree, on two different datasets using different feature selection methods (include or not 

include the recipient´s domains).  The Decision Tree classifier outputted the Support 

Vector Machine classifier in all the scenarios, achieving a prediction F1-measure rate of 

approximately 80% on the "opens", in the case of considering all the data and features. In 

the case where the recipient´s domains were not considered, the performance of both 

classifiers dropped, which indicates this feature is important to predict the email open 

behavior. 

Balakrishnan and Parekh (2014) proposed a method for predicting the open rate of a 

subject line, by learning from past subject lines. In this study, they assumed that the only 

variable influencing the recipient´s decision to open the email was the subject line. 

Therefore, the sender name was uniform across all the emails. The task of predicting the 
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email open rate just based on the subject line can be challenging. If an exact subject line 

has been frequently used in the past, its open rate prediction will be very accurate. 

However, if the subject line has not been used in the past, predicting its open rate can be 

quite hard. Additionally, noise due to external factors, such as locations, time of the year 

and competition, can biased the prediction. For instance, the email subject line “Get 20% 

of on this swimming suit” can get different open rates depending on the current season.  

To predict the open rate, they used several features of each keyword in the subject line and 

of the entire subject line. The syntactical features extracted were the number of keywords 

in the subject line, the number of characters, the number of short keywords (with less than 

four characters), if it has digits and if the subject has punctuation marks.  The historical 

features used were the open rate, the occurrence score of the first, second, third and fourth 

keyword of the subject line and the count score of the first keyword (number of times the 

first keyword was used in the past).  To calculate the occurrence score of a keyword, the 

campaigns were divided into two groups, the campaigns performing better than the 

average open rate and the campaigns performing worse. The occurrence score of a 

keyword is equal to the difference between the number of times the keyword occurred in 

the first group and the number of times the keyword occurred in the second group. The 

derived features used were the attribution score of the first, second, third and fourth 

keyword. This score infers the contribution of a specific keyword in the open rate of the 

campaign. The model used for the prediction was the Random Forest regression model. 

This model performed better than the baseline, with a confidence level of 95%. For the 

baseline, the open rate prediction was equal to the mean open rate of the past emails that 

used the same subject line. For new email subject lines, the open rate was predicted as the 

average open rate of all subject lines.  

 Jaidka et al. (2018) also studied the problem of predicting email opens, based on the 

subject line. They explored the differences in recipient´s preferences for email subject lines 

sent by different business areas (Finance, Cosmetics and Television). The methodology 

used was a data-driven model to predict the email open rate of different email subject lines, 

a regression analysis to study the effect of different subject line language styles in the open 

rate and a domain adaptation method. The learning model used was a five–fold cross–

validated weighted linear regression, which predictions improved over the state-of-the-art 

model (Balakrishnan & Parekh, 2014) and over the baseline (the mean open rate of the 
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entire dataset). The use of the domain adaptation method improved the prediction of the 

model for unseen domains and business.  

The feature extraction process employed in this study was the following: N-grams4, the 

General Inquirer Categorization (Stone, Dunphy, & Smith, 1966), the Word2Vec 

Embeddings (Mikolov, Sutskever, Chen, Corrado, & Dean, 2013), Topic Modelling 

(Schwartz et al., 2013), Part of Speech Tagging (Owoputi et al., 2013) and meta-features 

extraction. To reduce the length of each subject line, they decided to keep only the most 

frequent 1000 1-grams, 1000 2-grams and 1000 3-grams words, used in at least 10% of the 

emails. The General Inquirer lexicon classifies more than 15000 words in 184 thematic 

categories. The Word2Vec model groups words of the same context in the same vector. 

The Topic Modelling transforms each subject line into one topic, from 2000 social media 

specific topics. The Part of Speech Tagging extracts part of speech tags of each subject 

line. The meta-features extracted were the length of the subject line, the number of words 

in the subject line, the number of punctuation marks, the number of symbols and the 

presence or not of personalization.  

The conclusion obtained was that using certain styling strategies in the subject line, 

according to the business area of the campaign, can strongly impact the email open rate. 

For example, in the Financial sector, subject lines with words such as “statement” and 

“card” were more likely to be opened while subjects with the word “reward” were less 

likely to be opened. Short and with less punctuation subject lines are ideal in this field.  

Another insight provided by this study was that power gain words are preferred by email 

recipients in the Finance industry but less preferred in the Movies & Television industry.  

The contributions of our work to these papers are the inclusion of the email 

preheader and the campaign sender as features in the prediction task. Before opening an 

email, the recipient has also information of these components; therefore, we decided to test 

if these features are important to predict the open behavior of a campaign. 

 

 

 

 
4 Contiguous sequence of n items from a given sample of text or speech. 
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3. Business Understanding 

The objective of the company involved in this study was to understand how they 

could improve the open rate of their email marketing campaigns. The company has an 

online publishing business that sends Spanish campaigns, mainly from financial 

institutions. To satisfy that business objective, we developed a classification algorithm that 

can accurately predict if an email campaign will be classified as Successful or Failure, 

depending on whether it has an open rate above or below the average respectively. In 

addition, we applied a text analysis of the email subject line and preheader to find which 

keywords and keyword combinations are associated with a higher open rate. To validate 

the results attained in the company business, we performed the controlled experiment A/B 

testing. From the business point a view, a successful project outcome will be an increase in 

the email open rate of the company´s marketing campaigns.  

The tools that were used in this study were the software’s SPSS (2016) and Knime 

(Berthold et al., 2009).  
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Figure 2. Keyword Extraction process. 

4. Data Understanding 

4.1. Data Extraction 

To analyze the opening behavior of email marketing campaigns, we had access to 

past campaign data of the studied company. The process of data extraction was made using 

the company’s Email Marketing platform, from which the campaigns are configured and 

sent.  

We collected data of 217 Spanish marketing campaigns, sent since February 2018 

until February 2019. Note that all the campaigns collected for this study were permission 

based, i.e., all the email recipients gave permission to receive marketing content in their 

inbox. The features extracted from the platform were the following: campaign sender; 

campaign name; subject line; preheader; number of emails sent; number of emails 

delivered; number of emails opened; number of emails clicked; number of spam 

complaints and the percentage of unsubscribe.  

Keyword extraction process: 

To calculate the number of keywords in each email subject line and preheader, we 

first had to extract what was the set of keywords. The Figure 2 demonstrates the keyword 

extraction process. 

- Excel Reader: Dataset composed by the campaign name, the email subject line and 

preheader of the campaign and the respective open rate.  

o I had to previously remove some terms from the subject line and preheader 

because the Knime Spanish Stop Word list and Punctuation Erasure nodes 
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don´t filter them. Some of the terms that we manually removed were the 

following: te; tu; tú; tí; eur; euros; %; ¿; ¡. An example is presented in Table 2: 

Table 2. Text preprocessing. 

Campaign 
ID 

Input Document Output Document 

1 
“150 eur de regalo por ingresar tu nómina. Sin 

comisiones de mantenimiento ni administración y 
con tarjetas gratuitas.” 

“150 de regalo por ingresar nómina. Sin 
comisiones de mantenimiento ni 

administración y con tarjetas gratuitas.” 

4 
“Ahorra un 30% en el seguro de tu hogar. Sin 

renunciar a ninguna cobertura.” 
“Ahorra un 30 en el seguro de hogar. Sin 

renunciar a ninguna cobertura.” 

10 
“Hasta 5000 eur de crédito sin cambiar de banco. 

Con devolución del 5 % en tus compras 
aplazadas.” 

“Hasta 5000 de crédito sin cambiar de 
banco. Con devolución del 5 en compras 

aplazadas.” 

- Strings to Document: This node creates, for each campaign, a document with the 

respective email subject line and preheader.  

- Stop Word Filter: This node removes the terms from the input documents that are 

present in the Spanish Stop Word list. We present an example of this node output 

in Table 3, where the words in bold corresponds to the words that were removed.  

Table 3. Stop Word Filter. 

Campaign 
ID 

Input Document Output Document 

1 
“150 de regalo por ingresar nómina. Sin 

comisiones de mantenimiento ni administración 
y con tarjetas gratuitas.” 

 
“150 regalo ingresar nómina. comisiones 
mantenimiento administración tarjetas 

gratuitas." 
 

4 
“Ahorra un 30 en el seguro de hogar. Sin 

renunciar a ninguna cobertura.” 
“Ahorra 30 seguro hogar. renunciar 

cobertura.” 

10 
“Hasta 5000 de crédito sin cambiar de banco. 
Con devolución del 5 en compras aplazadas.” 

"5000 crédito cambiar banco. devolución 
5 compras aplazadas." 

- Punctuation Erase: This node filters all punctuation marks.  

- Case converter: This node converts upper case words to lower case.  
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- Number filter: This node removes the terms that contain numbers.  

- Dict Replacer: This node replaces the terms contained in the input documents that 

match with the specified dictionary terms by the corresponding specified value. The 

dictionary file we used was an external source Spanish Lemmatizer, because the 

Knime software only supports a Stanford Lemmatizer node for English terms.  

Table 4. Spanish Lemmatizer. 

Campaign 
ID 

Input Document Output Document 

1 

"regalo ingresar nómina comisiones 
mantenimiento administración tarjetas 

gratuitas" 
 

"regalo ingresar nómina comisión 
mantenimiento administración tarjeta 

gratis" 
 

4 
"ahorra seguro hogar renunciar cobertura" 

 
"ahorrar seguro hogar renunciar 

cobertura" 

10 
"crédito cambiar banco devolución compras 

aplazadas" 
"crédito cambiar banco devolución 

comprar aplazar" 

Source: GitHub 

- Bag of words: This node creates a bag of words (BoW) for each preprocessed 

subject line and preheader. An example of this node output is presented in Table 5, 

where the Term column corresponds to the campaign keywords. 

Table 5. Bag of Words. 

Campaign 
ID 

Preprocessed Document Term 

1 
"regalo ingresar nómina comisión mantenimiento administración tarjeta 

gratis" 
 

regalo 
ingresar 
nómina 
comisión 

mantenimiento 
administración 

tarjeta 
gratis 

4 
"ahorrar seguro hogar renunciar cobertura" 

 

ahorrar 

seguro 

hogar 

renunciar 

cobertura 

10 
"crédito cambiar banco devolución comprar aplazar" 

 

crédito 

cambiar 
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banco 

devolución 

comprar 

aplazar 

 

- Number of keywords: The number of keywords corresponds to the number of 

terms each campaign has. For instance, the campaign with id 1 has 8 keywords.  

 

4.2. Data Description  

The variables used for this study are described in Table 6. These variables were 

extracted and derived from financial email marketing campaigns of the company in study. 

 
Table 6. Variables description. 

Variables Description Type 

   

C
am

p
ai

gn
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Sent (Sent) Number of emails sent. 
Discrete 
numerical 
variable 

Sent days (Sent_days) Number of days the campaign was sent. 
Discrete 
numerical 
variable 

S
yn

ta
ct

ic
al

 v
ar

ia
b

le
s 

Length subject line 
(Length_subject) 

The number of characters of the email 
subject line. 

Discrete 
numerical 
variable 

Length preheader 
(Length_preheader) 

The number of characters of the email 
preheader. 

Discrete 
numerical 
variable 

Personalization 
(Personalization) 

Whether the email subject line and/or 
preheader has a personalized greeting 
(i.e., the recipient´s name). 
Categories: No; Yes 

Categorical 
variable 
 

Digits (HasDigits) 
Whether the email subject line and/or 
preheader has digits. 
Categories: No; Yes 

Categorical 
variable 
 

Punctuation (Punctuation)  
The type of punctuation of the email 
subject line. Categories: Affirmative; 
Exclamation; Interrogation 

Categorical 
variable 

Sender Recognizable 
(Sender_recognize) 

Whether the campaign sender 
corresponds to the name of the financial 
institution, i.e., if the sender is 
recognizable by the recipient. 
Categories: No; Yes 

Categorical 
variable 
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Number of keywords 
(Nr_keywords) 

The total number of keywords in the 
email subject line and preheader. 

Discrete 
numerical 
variable 

H
is

to
ri

ca
l 

v
ar

ia
b

le
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Occurrence score: first 
keyword; second keyword; 
third keyword; fourth 
keyword (OC_1stkey; 
OC_2ndkey; OC_3rdkey; 
OC_4thkey) 

Occurrence score of the first, second, 
third and fourth keyword of the subject 
line and preheader, counting from the 
left to the right. 

Discrete 
numerical 
variable 

T
ar

ge
t 

 

v
ar

ia
b

le
 

Classification (Classification) 

Categories:  

• Successful – if the campaign has 
an email open rate above the 
average;  

• Failure – if the campaign has an 
email open rate below the 
average; 

The email open rate (Openrate) of a 
campaign was calculated by dividing the 
number of emails opened by the 
number of emails delivered. 
Average Email Open Rate 5= 16,81% 

Categorical 
variable 
 

 

Occurrence score of a keyword: 

To calculate the occurrence score of a keyword, this study follows the research of 

Balakrishnan and Parekh (2014). The occurrence score of a keyword is equal to the 

difference between the number of times the keyword was in the “Successful” set and the 

number of times it was in the “Failure” set in past campaigns. The “Successful” set 

contains the campaigns with an email open rate above the average while the “Failure” set 

contains the campaigns with an open rate below the average. It is important to consider the 

occurrence score of a keyword because it captures the consistency in performance of a 

keyword. In fact, a positive occurrence score indicates the keyword has a good opening 

performance, as it was mostly present in campaigns with an open rate above the average.  

As Balakrishnan and Parekh (2014), only the first four keywords were taken in 

account, counting from the left to the right. For new keywords the occurrence score was 

set to zero, as no past information about the performance of that keyword exists. The 

process to derive the occurrence score of the first, second, third and fourth keyword of 

each subject line and preheader is described in the following points: 

 
5 This was calculated by dividing the total number of emails opened by the total number of emails delivered, 
of all the dataset campaigns. 
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- We first attached the position of each keyword in the email subject line and 

preheader (counting from the left to the right). Afterwards, two binary variables, 

Successful and Failure, were added to inform if the keyword was present in a Successful 

or Failure campaign, respectively.  

- An example of the occurrence score calculation is presented in Table 7 for five 

keywords. 

 
Table 7. Keyword Occurrence score. 

Keyword 
Number Successful  

campaigns 
Number Failure  

campaigns 
Keyword Occurrence score 

regalo 2 3 -1 

ingresar 1 1 0 

nómina 8 12 -4 

comisión 25 30 -5 

mantenimiento 2 1 1 

- Note that we excluded the classification of the campaign in analysis for the 

computation of the keyword occurrence score. Thus, we only considered the 

performance of the past campaigns that used the same keyword in the subject line 

and/or preheader. An example is presented in Table 8. 

 
Table 8. Keyword Occurrence score for each campaign. 

Campaign 
ID 

 
Campaign 

Classification 
Keyword 

Keyword 
Position 

Keyword 
Occurrence 

score 

1  Successful regalo 1 -2 

1  Successful ingresar 2 -1 

1  Successful nómina 3 -5 

1  Successful comisión 4 -6 

1  Successful mantenimiento 5 0 

1  Successful administración 6 0 

1  Successful tarjeta 7 1 

1  Successful gratis 8 -4 

4  Failure ahorrar 1 -6 

4  Failure seguro 2 -8 

4  Failure hogar 3 -2 

4  Failure renunciar 4 -1 

4  Failure cobertura 5 -4 
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- For this analysis, only the occurrence score of the first four keywords of each email 

subject line and preheader were considered. Table 9 demonstrates that for five 

marketing campaigns. 

Table 9. Occurrence score of the 1st, 2nd, 3rd and 4th keyword for each campaign. 

Campaign ID 
Keyword Position 

First Second Third Fourth 

1 -2 -1 -5 -6 

2 -5 1 -6 0 

3 1 -8 -2 0 

4 -6 -8 -2 -1 

5 -6 -8 -2 -1 

 

4.3. Data Exploration 

4.3.1. Univariate Analysis 

In this subsection, a descriptive analysis of the variables is presented, starting with an 

univariate analysis. For the numerical variables, this analysis consisted in studying the 

dispersion and shape of the variable distribution. To measure the dispersion of the data, a 

proper metric is the coefficient of variation (CV). This metric is independent from the scale 

of the variable and it is calculated by dividing the standard deviation by the variable mean. 

To study the shape of a variable distribution, the skewness and the kurtosis was considered. 

A variable has a positively skewed distribution if the Fisher’s skewness coefficient is 

positive. Otherwise, it has a negatively skewed distribution. To study the tails of the 

variable distribution compared with the Normal distribution, the kurtosis coefficient was 

taken in account. If it has a positive value, the tails of the variable distribution are heavier 

than those of the Normal distribution. Otherwise, the tails of the variable distribution are 

lighter than those of the Normal distribution.  

To finish this analysis, we tested if the variable follows a Normal distribution, by 

using the Kolmogorov-Smirnov test with a significance level of 5%. If the p-value of the 

test is lower than the significance level, the null hypothesis that the variable follows a 

Normal distribution is rejected. Else, the null hypothesis is not rejected, and is possible to 

conclude the variable follows a Normal distribution. The results of the descriptive analysis 

of the numerical variables are presented in Table 10 and Table 11. The histograms of each 

variable are in Appendix A.  
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Table 10. Descriptive Statistics of the numerical variables. 

Variable Range Mean 
Standard 
Deviation 

CV 
(%) 

Variance Skewness Kurtosis 

Sent 855489,00 70072,68 116498,36 166,00 13571868952,28 3,59 15,45 

Sent_days 117,00 12,33 16,57 134,00 274,41 3,27 12,79 

Lenght_subject 62,00 49,82 12,19 24,00 148,51 0,31 -0,23 

Lenght_preheader 138,00 55,41 21,47 39,00 460,91 0,70 0,94 

Nr_keywords 12,00 7,35 2,19 29,77 4,78 0,74 0,48 

OC_1stkey 28,00 -5,76 6,50 -112,87 42,20 -0,82 -0,19 

OC_2ndkey 30,00 -5,55 5,83 -105,05 34,03 -0,92 0,89 

OC_3rdkey 30,00 -5,88 7,44 -126,57 55,30 -1,55 1,76 

OC_4tkey 30,00 -6,24 7,69 -123,26 59,06 -1,41 1,17 

Openrate 0,29 0,13 0,06 46,32 0,00 0,44 -0,68 

 
Table 11. Numerical variables dispersion and shape. 

Variable 
Dispersion of the 

data 
Skewness 

Tails of the 

Distribution* 

Normal Distribution (See 

Appendix B) 

Sent Big Positively Tails heavier No 

Send_days Big Positively Tails heavier No 

Length_subject Small Positively Tails lighter No 

Length_preheader Normal Positively Tails heavier No 

Nr_keywords Normal Positively Tails heavier No 

OC_1stkey Big Negatively Tails lighter No 

OC_2ndkey Big Negatively Tails heavier No 

OC_3rdkey Big Negatively Tails heavier No 

OC_4thkey Big Negatively Tails heavier No 

Openrate Normal Positively Tails lighter No 

*Tails of the variable distribution compared to those of the Normal distribution. 
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For the categorical variables, we analyzed the frequencies and the mode. The results 

are presented in Table 12. 

Table 12. Frequency table of the categorical variables. 

Categorical 

variables 
Labels Frequency Percentage (%) 

Cumulative 

percentage (%) 

HasDigits 
No 47 21,7 21,7 

Yes 170 78,3 100,0 

Personalization 
No 172 79,3 79,3 

Yes 45 20,7 100,0 

Punctuation 

Affirmative 187 86,2 86,2 

Exclamation 24 11,0 97,2 

Interrogation 6 2,8 100,0 

Sender_recognize 
No 39 18,0 18,0 

Yes 178 82,0 100,0 

Classification 

Failure 142 65,4 65,4 

Successful 75 34,6 100,0 

The frequency table above demonstrates that the majority of the email subject lines 

and preheaders of the dataset have digits (approximately 78%), don´t use a personalized 

greeting (approximately 79%), the campaign sender corresponds to the name of the 

financial institution  (approximately 82%) and are in the affirmative tense (approximately 

86%). By looking at the distribution of the target variable Classification, it is possible to 

conclude that most of the dataset campaigns are classified as a Failure (approximately 65%).   

4.3.2. Bivariate Analysis  

- 1st analysis 

Goal of this analysis: This study aims to discover how marketers can improve the email 

open rate of their marketing campaigns. Hence, in this analysis the goal was to find the 

variables significantly associated with the open rate. 

Since none of the variables follows a Normal distribution, the appropriate statistical test to 

analyze the correlation between pairs of numerical variables is the Spearman´s rank 

correlation coefficient test. Note that this test does not require any specific distribution, so 

it can always be applied.  The hypotheses of this test are the following: 

H0: The variables are not correlated. 
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Figure 3. Number of words in the subject line and Average Open rate. 

Figure 4. Length subject line and Average Open rate. 
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H1: The variables are correlated. 

Conclusion of this analysis: By looking at the correlation table present in Appendix C, 

we can conclude that all the numerical variables of the campaign dataset are significantly 

correlated with the email open rate, except the occurrence score of the first, third and 

fourth keyword (for a significance level of 5%). The variables more correlated with the 

open rate, i.e., with a higher Spearman´s rank correlation coefficient, are the number of 

emails sent (0,53 positive correlation) and the number of days the campaign was sent (0,44 

positive correlation). As it was expected, as more emails are sent, the higher is the number 

of emails delivered and consequently opened. Thus, a high positive correlation with the 

open rate is anticipated. Note the length of the subject line is negatively correlated with the 

open rate, as Chittenden & Rettie (2003) pointed out. On the other hand, the length of the 

preheader is slightly positively correlated. The campaigns of this study with a higher email 

open rate have a subject line with 2 to 4 words and a number of characters between 33 and 

42. For the email preheader, the best number of characters to use should be between 93 

and 115 characters.  
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Figure 5. Length preheader and Average Open rate. 
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The Spearman´s rank correlation coefficient yield a significant positive correlation between 

the number of keywords and the email open rate. Figure 6 demonstrates that twelve is the 

optimal number of keywords to use in the subject line and preheader of the dataset 

campaigns, as it corresponds to the highest email open rate.  

 

The occurrence score of the first and second keyword in the email subject line and 

preheader is positively correlated with the email open rate, while for the third and fourth 

keyword is negatively correlated. This means that a better performance of the first and 

second keyword (i.e., a higher occurrence score) in past campaigns increases the email open 

rate (and vice-versa). Take in consideration that the only significant correlation is between 

the occurrence score of the second keyword and the email open rate, for a significance 

level of 5%.  

 

 

Figure 6. Number of keywords in the subject line & preheader and Average Open rate. 



26 

 

 

- 2nd analysis: 

Goal of this analysis: Analyze the relation between the categorical variables Personalization, 

HasDigits, Punctuation and Sender_recognize with the email open rate. In other words, study 

the distribution of the open rate in the different classes of these categorical variables.  

An appropriate test for this analysis is the non-parametric Kruskal-Wallis test. In order to 

run this test, the following four assumptions must be satisfied: 

- 1st Assumption: Have one dependent variable that is measured at 

the continuous or ordinal level. This assumption is satisfied, since the dependent 

variable that was used for this analysis was the Openrate, which is a continuous 

variable.  

- 2nd Assumption: Have one independent categorical variable, that consists of two or 

more independent groups. The categorical variables Personalization, Sender_Recognize 

and HasDigits have two independent groups (No; Yes) and the variable Punctuation 

has three independent groups (Affirmative; Exclamation; Interrogation). Therefore, 

this assumption is fulfilled for all these variables.  

- 3rd Assumption: Have independence of observations, which means no relationship 

between the observations in each group of the independent variable and between 

the groups themselves. In the dataset used, all the observations are independent; 

thus, this assumption is satisfied.  

- 4th Assumption: Determine whether the distribution of the dependent variable for 

both groups of the independent variable has the same shape or a different shape.  

In other words, test if the groups have similar variance or not. This will determine 

how the Kruskal-Wallis test results will be interpreted.  

o The proper test to analyze the homogeneity of variance for each group is 

the Levene's test. The null hypothesis of this test states the groups in 

analysis have similar population variances. By looking at test results, present 

in Appendix D, the null hypothesis is not rejected for the categorical 

variables Sender_Recognize, Personalization and HasDigits (p-value is higher 

than the significance level of 5%) and is rejected for the categorical variable 

Punctuation (p-value is lower than the significance level of 5%). Therefore, 
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we can conclude that only the groups of the email open rate in the three 

categories of the variable Punctuation have different variance.  

o If the groups have different variance, the null hypothesis of the Kruskal-

Wallis test is the following: 

▪ H0: The open rate distribution is equal across groups. In other 

words, the mean ranks6 between groups are equal.  

o If the groups have similar variance, the null hypothesis of the Kruskal-

Wallis is the following: 

▪ H0: The open rate distribution is equal across groups. In other 

words, the medians between groups are equal. 

Digits and Email open rate: By looking at the figure below, the distribution of the email 

open rate appears to be different in the two categories of the variable HasDigits. To be 

certain of this statement, the Kruskal-Wallis test was executed. The p-value obtained was 

equal to 0,00 (see Appendix E), which is lower than the significance level of 5%. Therefore, 

the null hypothesis of the equality of the medians of the open rate in the two categories of 

HasDigits is rejected. The value of the mean rank was higher in the class HasDigits = “No”; 

thus, is possible to say that, in this dataset, the campaigns without digits in the subject line 

and/or preheader tend to have a higher email open rate. 

 

 

 

 

 

 

 

 

 

 

 
6 All the observations are replaced by a rank number, starting with 1 for the smallest value.  

 

Figure 7. Boxplot Digits and Open rate. 
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Personalization and Email open rate: By observing Figure 8, the open rate seems to have a 

similar distribution in the campaigns with or without a personalized greeting in the subject 

line and/or preheader. The result of the Kruskal-Wallis test could prove this observation 

since the p-value obtained was equal to 0,76 (see Appendix E). Hence, the null hypothesis 

of the equality of the medians of the open rate in the two categories of the variable 

Personalization is not rejected.  

 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

Punctuation and Email open rate: The result of the Kruskal-Wallis test demonstrated that 

the type of punctuation in the subject line doesn´t have a significant impact in the email 

open rate (p-value approximately equal to 0,23). 

 

 
 

 

 

 

 

 

 

 

 

 

Campaign sender and Open rate: In Figure 10, the median open rate of campaigns with a 

recognizable sender seems to be slightly lower. The Kruskal-Wallis test result could prove 

Figure 8. Boxplot Personalization and Open rate. 

Figure 9. Boxplot Punctuation and Open rate. 
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this statement. The p-value was approximately equal to 0,00, which is lower than the 

significance level of 5%, and the mean rank of the open rate was lower in the class 

Sender_recognize = “Yes” (see Appendix E). Thus, in this dataset, the campaigns with an 

email sender different than the company name tend to have a higher open rate. That 

statement is slightly controversial because, in general, using a sender that is not 

recognizable by the recipient can negatively impact the open rate (Biloš, Turkalj, & Kelić, 

2016). A possible reason that can justify this might be related to the bad sender´s 

reputation of financial institutions in the market (Afzal, Khan, ur Rehman, Ali, & Wajahat, 

2010). For those institutions, using their names as the sender can induce the recipient to 

not open the email.  

 

 

 

 

 

 

 

 

 

 

 

Conclusion of this analysis: This bivariate analysis demonstrated that, in this 

dataset, the email open rate has a similar distribution in the campaigns with or without 

personalization in the subject line and/or preheader. Additionally, the type of punctuation 

in the subject line of the dataset campaigns doesn´t have a significant impact in the email 

open rate. The campaigns with a subject line and/or preheader without digits and with an 

email sender different than the company name tend to have a higher open rate.  

4.3.3. Text Visualization  

This subsection describes the techniques applied to discover which keywords and 

keyword combinations in the subject line and preheader of the dataset campaigns are 

associated with a higher open rate. The Appendix F presents the framework used for this 

text analysis. 

Figure 10. Boxplot Email sender and Open rate. 
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Figure 11. Keyword Clouds. 

In Chapter 4, we already described the process made to extract the set of keywords. 

To derive the set of keyword combinations, we first extracted the first right neighbor of 

each keyword, using the Knime node Term Neighborhood Extractor. The last keyword of each 

subject line and preheader was not considered because it doesn´t have any right neighbor. 

Afterwards, the Frequency filter method was applied to remove the low-frequency terms, 

the terms that were present in less than two campaigns. These preprocessing processes 

yield an output of 1414 keywords and 862 keyword combinations, from which 186 were 

unique keywords and 252 were unique keyword combinations.  

We used the Cloud tool, with the inside-out format, to visualize the terms linked to 

campaigns with a higher email open rate. This tool is a visual representation of text data 

indicating the importance that each term has through a different font size or color. The 

importance that each term has was attributed according to the open rate that has 

associated. In other words, the terms that are in the middle of the cloud and have a higher 

font size are connected to a higher open rate. By looking at Figure 11, it is possible to 

visualize that the keywords linked with a higher open rate in the dataset campaigns are the 

following: rápido, comisión, crédito, préstamo, gratis, dinero and fácil 7. In addition, some of the 

best keyword combinations are {cambiar; banco}, {tarjeta; gratis}, {rápido; online}, {rápido; fácil} 

and {gratis; comisión}8. 

 

 

 

 

 
7fast, commission, credit, loan, free, money and easy. 
8{change; bank}; {card; free}; {fast; online}; {fast; easy} and {free; commission}. 



31 

 

 

5. Data Preparation 

Data Preparation is an extremely important process in Data Mining to guarantee that 

data is accurate, consistent and useable. The main preprocessing steps are the following: 

data cleaning; data transformation and feature selection.  

 

5.1. Data Cleaning 

An important step in the process of data cleaning is detecting missing, duplicate or 

irrelevant data, because it can cause problems when training a Machine Learning model. In 

the dataset used for this study there weren´t any missing nor duplicate observations, so this 

step was not necessary. There were some cases of similar campaigns that were sent by the 

same sender, using the same email subject line and preheader. However, these campaigns 

were sent with a different time period and frequency and to different subscribers, having a 

diverse number of emails sent, delivered and opened. Therefore, these data points were not 

excluded for analysis.  

From the features extracted, the number of emails clicked, the number of spam 

complaints and the unsubscribe rate were irrelevant for this analysis as they don´t 

necessarily impact a priori the email open rate; thus, they are not relevant for the business 

problem of this study. The act of clicking in a link of the email message or making 

unsubscribe happens necessarily after the recipient opens the email. Marking an email as 

spam can happen before or after the recipient opens the email. Since it was not possible to 

have information if the act of the spam complaint happened before or after the recipient 

opened the email, we did not use this variable.  

Another important preprocessing process is outlier detection. An outlier is an object 

that deviates significantly from the other data objects, as it was generated by a different 

mechanism. Outliers may indicate a variability in measurement, experimental errors or a 

novelty. On the one side, this anomaly detection can be important in many applications 

such as credit fraud detection, medical care and security. For instance, in credit fraud 

detection, identifying abnormal purchasing behavior can possibly indicate credit scam. On 

the other side, outliers can indicate the data was taken from a different population than the 

intended population; thus, leading to problems in statistical analysis.  



32 

 

 

 To identify univariate outliers in normally distributed variables, one of the most 

common used method is the Box Plot Method, introduced by Tukey (1977). However, an 

unsupervised non-parametric method had to be used to detect the outlier observations 

because none of the dataset variables follows a Normal distribution. The proximity-based 

algorithms are often used as an unsupervised and non-parametric method for outlier 

detection. The proximity-based approach considers outliers the objects that are far from 

other objects. These algorithms can be divided into distance-based or density-based 

methods.   

The approach used to detect outliers in the dataset of this study was the density-

based, more specifically the LOF algorithm (Breunig, Kriegel, Ng, & Sander, 2000). The 

Local Outlier Factor (LOF) is a score that tells how likely a certain data point is an outlier, 

by comparing the density of that point with the density of its k neighbors. A small k looks 

at more nearby data points and has a more local focus, but in the presence of many noise 

data can wrongly identify outliers. Contrarily, a large k can miss local outliers. In general, 

choosing a k between 10 to 20 neighbors works well for most of the cases. A point is 

considered an outlier if it has a density much smaller than the density of its k neighbors 

(LOF ≫1). The LOF algorithm outputted eight extreme outliers in the campaign dataset 

(using a k equal to 10), i.e., eight datapoints with a Local Outlier Factor much higher than 1. 

After analyzing the characteristics of these outlier campaigns, we concluded that all of them 

had a very low number of emails sent, compared to the remaining campaigns.  Therefore, 

these campaigns correspond to novelty outliers, since they are not a product of an error. 

They are just unusual data points, that are simply different from the other observations. The 

decision made was to not remove these outlier campaigns because we consider important 

for an algorithm to learn how to accurately predict novelty observations.     

5.2. Data Transformation 

Data Transformation is the process of transforming data from one format to another, 

more suitable for applying Data Mining techniques. In this process, we performed Feature 

Transformation of the categorical variables, as several algorithms require the input variables 

to be numerical. 

The binary categorical variables, HasDigits, Personalization and Sender_recognize, only have 

two possible classes, Yes and No. Hence, for these variables the transformation made was 

to replace the observations belonging to the class Yes by the number 1 and the ones 



33 

 

 

belonging to the class No by the number 0. An example of this transformation is shown in 

Table 13. 

Table 13. Feature transformation of the variables HasDigits, Personalization and Sender_recognize. 

 

Campaign 

ID 

Variable 

HasDigits  Personalization  Sender_recognize 

Original Encoding Original Encoding Original Encoding 

1 Yes 1 No 0            Yes 1 1 

2 Yes 1 No 0 Yes 1 

3 Yes 1 No 0 Yes 1 

4 Yes 1 No 0 No 0 

5 Yes 1 Yes 1 Yes 1 

 

For the categorical variables without any ordinal relationship between the categories, 

the One-Hot Encoding is one of the most used methods to transform the nominal values 

into integer.  According to this method, for each category a new column is created, where 

the value is 1 if for that observation the original feature assumes that value and 0 otherwise. 

This encoding method was used for the variable Punctuation, that has three possible classes – 

Affirmative, Exclamation and Interrogation. An example of this transformation process is shown 

in Table 14.  

Table 14. Feature transformation of the variable Punctuation. 

Campaign ID Punctuation Affirmative Exclamation Interrogation 

1 Affirmative 1 0 0 

2 Affirmative 1 0 0 

3 Affirmative 1 0 0 

4 Affirmative 1 0 0 

5 Exclamation 0 1 0 
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5.3. Feature Selection 

The Feature Selection process has a huge impact in the performance of a model. 

Irrelevant or redundant features can negatively impact the model performance and increase 

the computation cost required to train an algorithm.  Thus, in order to achieve a better 

model accuracy, it is important to determine what are the most relevant variables to the 

target variable. The following feature selection experiments were performed:  

- 1st Experiment: Remove the redundant variables 

o This method removes the input redundant features, i.e., the features that 

are highly correlated. We identified these variables as being the pair of 

variables with a Spearman´s rank correlation coefficient higher than 50%. 

Having redundant features does not add significant information to the 

existing set of features, as they carry identical information.  Therefore, we 

can remove one of two highly correlated variables without losing important 

data. By reducing the set of features, the running time of the algorithm 

considerably decreases and, at the same time, the performance of the model 

increases (Koller & Sahami, 1996). 

- 2nd Experiment: Backward Feature Selection  

o The backward feature selection technique is a wrapper method which uses a 

heuristic search to select the set of features that yields the best performance 

for a specific algorithm (Kohavi & John, 1997). The search begins with the 

full set of features. At each iteration, the feature that represents the smallest 

increase in the error rate is removed. This process is repeated until there is 

no improvement in the accuracy of the algorithm by removing one more 

feature. A disadvantage of this method is the high computational time 

required to test all the possible combinations of features, particularly in a 

large feature set. 
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6. Modelling 

In the field of Machine Learning, there are two main types of problems: supervised, 

and unsupervised. In supervised learning there is prior knowledge of the output value an 

input observation belongs to. Hence, the goal is to learn a function that best approximates 

the relationship between the input and output, based on the sample data and the desired 

outputs. In unsupervised learning there are no labeled outputs, so the purpose of an 

unsupervised algorithm is to find interesting patterns in data.  

Supervised learning is usually done in the context of classification, when the objective 

is to map input data to output labels, or regression, when the purpose is to map input data 

to a continuous output. In this study, supervised classification algorithms were applied 

because the Data Mining problem in hand was to find to which set of classes (Successful or 

Failure) a new email marketing campaign belongs to, based on the training set containing 

past campaigns whose classification is already known. Remember that campaigns labeled as 

Successful have an open rate above the average and campaigns labeled as Failure have an 

open rate below the average. The set of features that were used to train and test the 

classification algorithms were the following: Sent; Sent_days; Nr_keywords; Length_subject; 

Length_preheader; Affirmative; Exclamation; Interrogation; HasDigits; Personalization; 

Sender_recognize; OC_1stkey; OC_2ndkey; OC_3rdkey; OC_4thkey and Classification.  

In this section, the algorithms developed are described as well as the framework used 

to validate the model’s predictions.  

6.1. Model Selection 

The most common supervised learning algorithms are the ones using Decision Trees. 

The Decision Tree is a non-parametric supervised learning method that can be used for 

both classification and regression problems. Therefore, the algorithms used for the 

classification problem in hand were the Decision Tree (C4.5) (Quinlan, 1986), the Random 

Forest (Breiman, 2001) and the Gradient Tree Boosting (Friedman, 2002).  

Each decision node of a tree contains a test in one of the input attributes. Each 

descendant branch corresponds to a possible attribute-value and each leaf (terminal node) 

predicts a class label. Each path from the root to the leaf corresponds to a classification 

rule, i.e., a sequence of rules that can be used to classify the data.  A decision tree is 
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constructed using a top-down recursive divide-and-conquer strategy. The following points 

describe the process of growing a tree: 

Input: A set of datapoints described by a set of attributes.  

Output: A decision tree  

1. Initial Tree ← Empty Leaf. 

2. Select one of the attributes according to a certain split criterion. 

3. Expand the tree by adding a new branch and a leaf for each attribute-value. 

4. Each example passes down to one of the new leaves, considering the value for 

the chosen attribute. 

5. For each leaf, if all the examples are of the same class label, that class is 

attached to the leaf (Terminal condition). Otherwise, recursively repeat steps 2 

to 5. 

There are several split criterions that can be used to split a tree: 

- Information Gain: The information gain criterion is based on the decrease in 

entropy after a dataset is split on an attribute. Entropy is used to estimate the 

randomness or difficulty to predict the target variable. The attribute that is chosen 

to split a trip is the one with the highest decrease in entropy associated, i.e., the one 

with the highest information gain. The entropy is given by equation (6.1): 

𝐻(𝐷) = − ∑ 𝑝𝑖 ×  𝑙𝑜𝑔2(𝑝𝑖),                            (6.1) 

where 𝑝𝑖 is the probability that an arbitrary example in the dataset D belongs to 

class Ci.                                                                     

o If the dataset D is split on A into v partitions, the Information Gain 

associated with the split is given by equation (6.3): 

𝐺𝑎𝑖𝑛𝐴 =  𝐻(𝐷) − 𝐻(𝐷|𝐴),                                          (6.2) 

𝐻(𝐷|𝐴) = ∑
|𝐷𝑗|

|𝐷|
𝑉
1  ×  𝐻(𝐷𝑗).                                        (6.3) 

- Information Gain Ratio: As the Information Gain criterion, this method chooses 

the attribute that has the highest Information Gain ratio associated. The 
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Information Gain ratio associated with the split of the dataset D using the attribute 

A is given by the following expression: 

𝐺𝑎𝑖𝑛𝐴 =  
𝐻(𝐷)

𝐻(𝐷|𝐴)
,                                         (6.4) 

where H(D) and H(D|A) are calculated as the Information Gain method.  

- Gini Index: The Gini Index measures quantitatively the degree of impurity. This 

index states that if a population is pure, two objects selected at random must 

belong to the same class (Gini Index equal to zero). The attribute that is chosen to 

split a tree is the one that provides the smallest Gini Index, i.e., that provides the 

largest reduction in impurity.  

o If a dataset D contains examples from n classes, the Gini Index, Gini(D), is 

defined as: 

𝐺𝑖𝑛 (𝐷)  = 1 −  ∑1
𝑛(𝑝𝑗)2,                                (6.5) 

where 𝑝𝑗 is the relative frequency of class 𝑗 in 𝐷.                

o If a dataset D is split on A into two subsets, D1 and D2, the Gini Index is 

defined as:  

𝐺𝑖𝑛𝑖𝐴(𝐷) =
|𝐷1|

|𝐷|
𝐺𝑖𝑛𝑖 (𝐷1)  +  

|𝐷2|

|𝐷|
𝐺𝑖𝑛𝑖(𝐷2).               (6.6) 

o The reduction in Impurity is given by the following expression: 

Δ𝐺𝑖𝑛𝑖𝐴(𝐷)  =  𝐺𝑖𝑛𝑖 (𝐷)  −  𝐺𝑖𝑛𝑖𝐴(𝐷).                        (6.7) 

One of the main challenges in a Decision Tree algorithm is to decide when to stop 

growing a tree. If a decision tree is grown to the full extent, it can lead to overfitting. 

Overfitting occurs when the tree is perfectly fit with the training data and has an extremely 

good performance in the training set; however, its ability to generalize results is low, 

leading to a poor performance in the test set. One of the methods used to avoid overfitting 

is called pruning. The pruning technique reduces the size of a tree by cutting sections that 

have a poor performance in classifying observations.  
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Pruning methods: 

- Pre-pruning: Consists in stopping the growing process of a tree earlier, before it 

perfectly classifies all the examples in the training set. This approach is hard to 

execute, because it is not simple to precisely estimate when to stop growing a tree. 

- Post-pruning: Consists in growing a tree to the full extent and then post prune that 

tree. One of the most used post-pruning methods is the Reduced Error Pruning, 

which starts at the leaves and replaces each node with the most popular class only if 

the prediction accuracy does not decrease. Another often used method is the MDL 

pruning algorithm (Mehta, Rissanen, & Agrawal, 1995). This algorithm uses the 

minimum description length principle to prune a tree. This principle has the goal of 

finding compressibility in data, where the best hypothesis for a given dataset is the 

one that leads to the best compression of data.  

Ensemble decision tree algorithms 

Ensemble methods improves the performance of an algorithm by combining several 

weak learner models to form a strong learner (Breiman, 1996; Dietterich, 2000; Freund, 

Schapire, & Abe, 1999). In an ensemble decision tree model, several decision trees are 

combined to achieve a better performance than the one obtained with a single decision 

tree. The final prediction of the ensemble model is obtained by combining the predictions 

of all the weak learners through a weighted majority vote, for classification problems, or a 

weighted sum, for regression problems.  

Bagging (Breiman, 1996) and Boosting (Freund et al., 1999) are two techniques commonly 

used in ensemble decision trees: 

- Bagging: Bagging models creates, randomly and with replacement, several subsets of 

the training set. Each subset is then used to train a decision tree. Hence, it generates 

an ensemble of different decision tree models. All the model predictions are 

combined, generating more accurate predictions than the ones obtained with a 

single decision tree. One of the most popular supervised learning algorithms that 

uses the bagging technique is the Random Forest algorithm (Breiman, 2001). 

o Random Forest: This algorithm joins multiple decision trees to form an 

ensemble of trees. For each decision tree model in the ensemble, a random 

subset of the training set is chosen to grow a tree. In addition, instead of 
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using all the features, a random subset of features is chosen, further 

randomizing the tree. 

- Boosting: In this technique, learners are trained sequentially with early learners, 

fitting simple models to the data. In boosting trees models, trees are built 

consecutively with a random subset of the training set and, at each stage, the goal is 

to solve the prediction error from the previous tree. When an input observation is 

misclassified by a model, its weight is increased so that the next model in the 

ensemble is more likely to classify it correctly. One of the most popular algorithms 

that uses the boosting technique is the Gradient Tree Boosting algorithm (Friedman, 

2002). 

o Gradient Tree Boosting algorithm: This algorithm uses the gradient descent 

optimization method, which minimizes the loss function Mean Square 

Error, and the boosting technique. An ensemble of trees are built one by 

one and individual trees are summed sequentially. The next tree tries to 

recover the loss, i.e., the prediction error of the previous tree (difference 

between actual value and the predicted value). 

6.2. Validation Method 

After training an algorithm with historical data it is necessary to test how well the 

model predicts new data. The most popular methods to validate the performance of an 

algorithm are the Hold-out method and the Cross Validation.  

- Hold-out method: In this method the dataset is divided into a “train” and “test” 

dataset. The train dataset is used to train the model and the test dataset is used to 

evaluate how well the model predicts new data. This method is one of the easiest 

and fastest to validate the performance of an algorithm. However, the results are 

highly dependent of the split made; thus, with different train and test sets the 

results might be significantly different leading to a high variance in the model. 

High-variance methods are also at risk of overfitting to noisy or unrepresentative 

training data. Additionally, by removing a part of data to test the model, important 

patterns might be lost, which can increase the bias and lead to underfitting.  

- Cross Validation: this method is usually preferred against the Hold-out method 

because it allows the model to train and test on multiple train-test splits. Since the 
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entire dataset is used for training and testing, this method leads to less biased 

estimates of the model compared to the simple Hold-out method and reduces the 

risk of overfitting and underfitting.  

There are different types of Cross Validation: 

o K-Fold Cross Validation: in this type of Cross Validation, the original 

dataset is divided into k subsets. The hold-out method is repeated k times, 

with different datasets. In each fold, one of the k subsets is used for testing 

(validation set), and the remaining k-1 datasets are used as the training set. 

Since all k sets are being used for validation, each data point appears in the 

validation set once and each datapoint appears in the training set exactly k-1 

times. The final error estimation of the model is given by the average of the 

error estimations from all the k folds. The recommended value for k is 

equal to 5 or 10, as it was proven, empirically, that using these values result 

in estimates of the prediction error without an excessive high bias nor 

variance (James, Witten, Hastie, & Tibshirani, 2013).  

o Stratified K-fold Cross Validation: this is a slight variation of the K-Fold 

Cross Validation, that is recommended in large imbalanced datasets. In this 

validation technique, each fold contains approximately the same percentage 

of datapoints from each target class.  

o Leave-One-Out Cross Validation: this is a specific case of the K-Fold Cross 

Validation, where the parameter k is equal to the total number of data 

points (N). This means the holdout method is repeated N times, and in 

each fold the model trains with all observations except for one that is used 

to test.  This model has the advantage of using all data points for training 

and testing, leading to a very low bias. However, it requires a high 

computational time to repeat the holdout method N times.  

We decided to adopt the 10-Fold Cross Validation technique to validate the 

performance of the algorithms used.  
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7. Experiments and Evaluation  

In this section we describe the several experiments performed to select the best 

feature selection technique and model for this classification problem, by using the 10-Fold 

Cross Validation method.  

After running an algorithm, we can evaluate its predictions by using a Confusion Matrix, 

which is a matrix that describes the complete performance of the model. In the 

classification problem in hand, the Confusion Matrix obtained was similar to the one in 

Table 15. 

Table 15. Confusion Matrix. 

 Prediction: Successful Prediction: Failure 

Atual: Successful True Positive False negative 

Atual: Failure False Positive True Negative 

Positive class: Successful 
Negative class: Failure 
 

- True Positives (TP): The number of cases in which the model predicted Successful 

and the actual output was also Successful. 

o True Positive Rate (TPR) 

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑅𝑎𝑡𝑒 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
 .    (7.1) 

- True Negatives (TN): The number of cases in which the model predicted Failure 

and the actual output was also Failure. 

- False Positives (FP): The number of cases in which the model predicted Successful 

and the actual output was Failure.  

o False Positive Rate (FPR) 

𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑅𝑎𝑡𝑒 =
𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
.    (7.2) 

- False Negatives (FN): The number of cases in which the model predicted Failure 

and the actual output was Successful.  

The most common metrics to evaluate an algorithm are the following: 

- Accuracy: This metric corresponds to the ratio between the number of correct 

predictions to the total number of input samples. In the presence of unbalanced 
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datasets, this metric can be misleading. For instance, in a dataset containing 220 

positive examples and 30 negative examples, an algorithm that correctly predicts all 

the positive examples but none of the negative examples achieves an accuracy of 

88%. In this case, just by looking at the accuracy value we would say that it is a good 

model, even though it has a poor prediction performance as it can´t predict any 

negative example correctly. Therefore, it is important to consider other evaluation 

measures, such as AUC, Precision and Recall.  

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑎𝑚𝑝𝑙𝑒𝑠
.                (7.3) 

- Area Under Curve (AUC): This metric informs the model capability in 

distinguishing between class labels, i.e., predicting Successful campaigns as Successful 

and Failure campaigns as Failure. The AUC is equal to the area under the ROC 

curve, a curve that plots the False Positive Rate (x-axis) versus the True Positive 

Rate (y-axis) at different points between [0, 1]. It can assume values between 0 and 1 

and the greater its value, the better is the performance of the model. 

- F1-measure: This metric tries to find a balance between precision and recall. It tells 

how precise the classifier is as well as how robust it is. This metric assumes values 

between 0 and 1 and the greater the F1 score the better is the performance of the 

model.  

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
,                           (7.4) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑅𝑎𝑡𝑒 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
,        (7.5) 

 

𝐹1 = 2 ×
1

1

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
+

1

𝑅𝑒𝑐𝑎𝑙𝑙

.      (7.6) 

 

Results: The results obtained in the 10-fold Cross Validation of the Decision Tree, 

Random Forest and Gradient Tree Boosting algorithm, when using different feature 

selection techniques, are presented in Table 16. Note that, for each algorithm, the feature 

selection experiments were performed inside each one of the ten Cross Validation loops 

(see Appendix G).  
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Feature Selection Technique*: 

1. No Feature Selection; 

2. Filter the redundant variables: variables Sent_days, Nr_keywords and Exclamation9; 

3. Backward Feature Selection: The algorithm that was used in the heuristic search of 

this method corresponded to the algorithm that was being evaluated in the Cross 

Validation, using the same set of parameters.  

Table 16. Evaluation metrics. 

Feature 

Selection 

Technique* 

Decision Tree Algorithm Random Forest Algorithm 
Gradient Tree Boosting 

Algorithm 

AUC F-s (1) Accuracy AUC F-s (1) Accuracy AUC F-s (1) Accuracy 

1 0,77 0,52 0,74 0,84 0,61 0,77 0,85 0,66 0,78 

2 0,73 0,53 0,73 0,89 0,71 0,82 0,87 0,66 0,78 

3 0,77 0,61 0,79 0,86 0,66 0,79 0,85 0,68 0,79 

(1) F-s: F-Score for the Successful class 

The parameters used for each algorithm were the following: 

- Decision Tree: 

o Split Criterion: Information Gain Ratio; 

o Pruning method: Reduced Error Pruning and MDL Pruning algorithm; 

o Minimum number of records per node: 4; 

o Number of threads: 4. 

- Random Forest: 

o Split Criterion: Information Gain Ratio; 

Number of models: 100, using static random seed. 

- Gradient Tree Boosting: 

o Number of levels (number of tree levels): 4; 

o Number of models: 100; 

o Learning rate: 0,1. 

After comparing the feature selection methods in the three algorithms, we concluded that 

the model that had the best performance was the Random Forest, when using the 

redundant feature selection technique. An advantage of this technique is the less 

computation time required to run the Random Forest algorithm compared to the time 

 
9 Highly correlated with the variables Sent, Length_preheader and Affirmative respectively. 
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 Figure 12. ROC Curve. 
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necessary to perform backward feature selection inside each one of the ten Cross 

Validation loops. The model accurately predicted 82% of the examples, achieving 

approximately an AUC of 89% and a F-score of 71% (for the Successful class). The model 

achieved a very good precision and recall for the Failure class, of 83% and 93% 

respectively. The recall for the Successful class was slightly lower. This is probably justified 

by the unbalanced dataset, where 65,44% of the campaigns belong to the Failure class. The 

standard deviation of the 10-fold Cross Validation estimates of this model was 

approximately equal to 8,3% (see Appendix H). Table 17 contains the Confusion Matrix of 

the Random Forest model and Figure 12 the respective ROC curve.  

The features that have the most significant impact on the classification, by decreasing 

order of weighted feature importance, are the number of emails sent, the occurrence score 

of the 4th, 3rd and 2nd keyword, the length of the preheader and the occurrence score of 

the 1st keyword (see Appendix H).  

Table 17. Confusion Matrix and Evaluation metrics of the Random Forest model. 

          Prediction   

Actual 
Successful Failure Recall Precision F-measure 

Successful 47 28 0,63 0,83 0,71 

Failure 10 132 0,93 0,83 0,87 
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8. Deployment  

In the deployment stage, the insights gained from the previous analysis were 

validated in the Digital Marketing company involved in this study. We performed the 

controlled experiment A/B testing, which can be primarily used to assess the effectiveness 

of a change and how the email recipients will react to that change. With this experiment, it 

was possible to test simultaneously small variations in the email subject line of a campaign 

and discover, in real time, which is the version with a higher open rate. 

The elements of the subject line that we could perform A/B testing were 

regarding the type of punctuation (with or without exclamation point; with or 

without question mark), the usage of personalization (with or without a personalized 

greeting) and digits (with or without digits). These features were present in the 

Random Forest model developed, that accurately predicted the opening performance 

of 82% dataset campaigns.   

To test the significance of the A/B test results, we used the two-sample Z-Test. If 

the p-value of the Z-Test is lower than the significance level of 5%, we can conclude the 

A/B test results are significant. In that case, we can be 95% confident that result was a 

consequence of the changes made and not a result of random chance.   

1st A/B test - Email Personalization: test the impact of adding the recipient´s name in 

the email subject line on the email open rate.  

- 1st experiment  

o Version A: without personalization 

Sender: Y 

Subject line: Recibe hasta 5.000eur en apenas 15 min. 

Preheader: Sin comisiones de apertura, gestión o cancelación. 

o Version B: with personalization 

Sender: Y 

Subject line: {%%first_name%%} 10Recibe hasta 5.000eur en apenas 15 min. 

 
10 The email recipient first name. 
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Preheader: Sin comisiones de apertura, gestión o cancelación. 

Table 18. A/B test results 1st experiment Personalization. 

 

- 2nd experiment 

o Version A: without personalization 

Sender: Z 

Subject line: ¿Buscas un préstamo rápido? 

Preheader: Encuentra el préstamo con garantía hipotecaria que más se adapta a tus 

necesidades. 

o Version B: with personalization 

Sender: Z 

Subject line: ¿Buscas un préstamo rápido {%%first_name%%}? 

Preheader: Encuentra el préstamo con garantía hipotecaria que más se adapta a tus 

necesidades. 

Table 19. A/B test results 2nd experiment Personalization. 

 

 

 
11 The version with a higher email open rate. 

 
Open Rate Click-through rate 

Winning 

version11 

A/B Test Statistically 

Significant (Open Rate) 

Version A 5,65% 7,39%  

No (p-value = 0,37) 
Version B 

5,78% 

(∆ +2,18%) 

8,65% 

(∆ +17,03%) 
X 

 
Open Rate 

Click-through 

rate 

Winning 

version 

A/B Test Statistically 

Significant (Open Rate) 

Version A 
16,18% 

 
6,30%   

Yes (p-value ≈ 0) 

 Version B 
17,43%  

(∆ +7,74%) 

6,72% 

(∆ +6,73%) 
X 
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Discussion of the 1st A/B test results: These A/B tests showed that using non-informative 

personalization in the subject line can significantly increase the email open rate, as Sahni et 

al. (2018) pointed out. Therefore, we advise the company to include a personalized greeting 

in the email subject line to improve the opening performance of their marketing 

campaigns. 

 

2nd A/B test - Digits: test the impact of including digits in the subject line on the email 

open rate. 

- Experiment: 

o Version A: without digits 

Sender: W 

Subject line: Obtiene tu crédito rápido, fácil y sin papeleos. 

Preheader: ¡Que el dinero no te impida disfrutar de estas navidades! 

o Version B: with digits 

Sender: W 

Subject line: Obtiene hasta 50.000 eur: Rápido, fácil y sin papeleos. 

Preheader: ¡Que el dinero no te impida disfrutar de estas navidades! 

Table 20. A/B test result of the experiment HasDigits. 

 Open  

rate 

Click-through 

rate 

Winning 

Version 

A/B Test Statistically 

Significant (Open Rate) 

Version A 7,28% 8,58%  

No (p-value ≈0,42) 
Version B 

7,35% 

(∆ +0,96%) 

14,30% 

(∆+66,61%) 
X 

 

Discussion of 2nd A/B test result: This A/B test demonstrated that using digits in the 

subject line does not increase significantly the email open rate. However, this test revealed 

to be statistically significant for the email click-through rate (p-value approximately equal to 

0), where the presence of digits in the subject line increased this metric by 66,61%. Having 

numbers in the subject line is a good technique to get the email noticed and gives upfront 

information about the campaign offer. When opening the email, the recipient is already 

interested in knowing more about the offer, increasing the probability of clicking in at least 
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one of the emails’ links.  That justifies the significant increase in the email click-through 

rate of the campaign W when the subject line had digits. Therefore, we recommend the 

company to implement this change to improve the overall performance of the campaign.  

3rd A/B test - Type of punctuation: test the effect of using different types of punctuation 

in the email subject line on the email open rate.  

- 1st Experiment:  

o Version A: without question mark 

Sender: V 

Subject line: Pide hasta 300eur, sin intereses ni comisiones. 

Preheader: Crédito fácil, rápido y 100% seguro. 

o Version B: with question mark 

Sender: V 

Subject line: ¿Quieres hasta 300eur, sin intereses ni comisiones? 

Preheader: Crédito fácil, rápido y 100% seguro. 

Table 21. A/B test results 1st experiment Punctuation. 

 
Open rate Click-through rate Winning Version 

A/B Test Statistically  

Significant (Open Rate) 

Version A 6,64% 10,08%  

Yes (p-value ≈ 0) 
Version B 

7,37% 

(∆ +10,98%) 

8,71% 

(∆ -17,18%) 
X 

 

- 2nd Experiment: 

o Version A: without the exclamation point 

Sender: M 

Subject line: Solicita tu hipoteca a medida, libres de vinculaciones. 

Preheader: Con un gestor que te atenderá siempre durante todo el proceso. 

o Version B: with the exclamation point 

Sender: M 

Subject line: ¡Solicita tu hipoteca a medida, libres de vinculaciones! 
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Preheader: Con un gestor que te atenderá siempre durante todo el proceso. 

 
Table 22. A/B test results 2nd experiment Punctuation. 

 Open Rate CTR 
Winning 

Version 

A/B Test Statistically 

Significant (Open Rate) 

Version A 18,06% 3,59%  

No (p-value ≈ 0,35) 
Version B 

 18,24% 

(∆ +0,99%) 

3,69% 

(∆ +2,98%) 
X 

Discussion of the 3rd A/B test results: The 3rd A/B test results showed that using a 

question mark in the subject line significantly increases the email open rate, compared to 

the affirmative subject lines. The presence of an exclamation point doesn´t have a strong 

effect on the open rate, as the A/B test result was not statistically significant.  

Considerations: Note that the A/B test results regarding the usage of non-informative 

personalization were different from the results obtained in the Kruskal-Wallis test initially 

performed. In that statistical test, the results showed that there isn´t a significant difference 

in the open rate distribution of campaigns with or without a personalized greeting in the 

subject line. However, in this analysis other variables and external factors might be varying 

and distorting the email open rate between the two groups. Thus, we consider the results 

obtained in the A/B tests more accurate because the only factor varying between the two 

test versions was the presence or not of the personalized greeting in the subject line.  
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9. Final remarks  

9.1. Conclusions 

In this study, we analyze the key factors driving the opening behavior of financial 

marketing campaigns. For that purpose, we developed a classification algorithm that can 

accurately predict if a marketing campaign will be classified as Successful or Failure. A 

campaign is classified as Successful if it has an open rate above the average, else it is labeled 

as Failure. In addition, we studied the language used in the email subject line and preheader 

to discover which keywords and keyword combinations trigger a higher open rate. The 

proposed framework was applied and validated, through A/B testing, in the marketing 

campaigns of a Portuguese company. To the best of our knowledge, this is the first 

publication that does a profound qualitative analysis on this matter for the Financial sector. 

These days, financial institutions are using Email Marketing as an important traffic source 

in their marketing strategy. Hence, this study will guide marketers on how to implement 

successful campaigns in this field.  

We tested different feature selection techniques in three algorithms – Decision Tree, 

Random Forest and Gradient Tree Boosting. The model that had the best performance 

was the Random Forest, when using the redundant filter selection method. This model 

achieved an accuracy of 82%, an AUC of approximately 89% and a F-score of 71% (for 

the Successful class). The features that revealed to be important in the forecast of the 

campaign opening performance were the number of emails sent, the occurrence score of 

the keywords used in the subject line and preheader and the length of the preheader. As 

Balakrishnan and Parekh (2014), our study acknowledges the importance of taking in 

account the historic performance of a keyword, in the past campaigns, when predicting the 

effectiveness of an email campaign.  

Concerning the email sender, we concluded that the dataset campaigns with a sender 

different than the name of the company tend to have a higher open rate. Note that we 

were not able to validate this in the deployment stage. In respect to the email subject line, 

our analysis recognizes a negative correlation between the length of the subject line and the 

open rate, as Chittenden and Rettie (2003) pointed out. Hence, marketers should avoid 

using long email subject lines. On the other hand, a positive correlation exists between the 

length of the preheader and the open rate. In the campaigns used for this study, the ideal 

number of words to use in the subject line is between 2 and 4 words and the number of 
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characters should be between 33 and 42. For the email preheader, the optimal number of 

characters is between 93 and 115 characters. On the same note, using a personalized 

greeting and the question mark in the subject line can significantly improve the open rate 

of the email marketing campaigns in study.  

To finish, we could conclude that, in the marketing campaigns of the studied company, the 

keywords linked with a higher email open rate are the following: rápido, comisión, crédito, 

préstamo, gratis, dinero and fácil12. Additionally, some of the best keyword combinations to use 

in the email subject line and/or preheader of these campaigns are {cambiar; banco}, {tarjeta; 

gratis}, {rápido; online}, {rápido; fácil} and {gratis; comisión}13.  

9.2. Limitations and Future Work 

In this subsection we describe the main limitations of this study and some future 

suggestions on this dissertation topic. First, we would like to point out that one constraint 

we had was related to lack of access to important data at the email recipient level. 

According to Luo et al. (2015), taking in consideration the recipient location, device type 

and domain is important when predicting the email open rate. Using the recipient location 

in segmented marketing campaigns can improve the open rate. Analyzing the device type 

that contributes the most to the open rate is also important, to assure the campaign is 

optimized for that device. The recipient domain can be useful to understand how the 

campaign is performing at different Internet Service Providers, and whether there is 

a deliverability issue at a certain domain. Additionally, having access to the time and day 

the campaign was sent and opened by the recipient would also be convenient to test what 

is the best time and day of the week to send a marketing campaign to a certain recipient. 

Therefore, for future research on this topic we consider important to use these features. 

Secondly and lastly, it will be interesting for future studies to analyze the impact of 

email marketing segmentation on the open rate of financial campaigns. According to the 

literature, using segmentation in Email Marketing can improve the overall performance of a 

campaign, even though we haven´t encounter any study on that for the Financial sector. 

 
 

 
12 fast, commission, credit, loan, free, money and easy. 
13 {change; bank}, {card; free}, {fast; online}, {fast; easy} and {free; commission}. 
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Figure 13. Histogram of each numerical variable. 

Appendix A: Histograms 
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Appendix B: Kolmogorov-Smirnov Test 

 

Table 23. One Sample Kolmogorov-Smirnov Test. 

 Normal Parameters Most Extreme Differences   

 Mean 
Standard 

Deviation 
Absolute Positive Negative 

Test 

Statistic 

Asymp. 

Sig. (2-

tailed) 

Sent 70072,68 116498,36 0,30 0,28 -0,30 0,30 ,00c 

Sent_days 12,33 16,57 0,25 0,25 -0,25 0,25 ,00c 

Lenght_subject 49,82 12,19 0,07 0,07 -0,03 0,07 ,01c 

Lenght_preheader 55,41 21,47 0,11 0,11 -0,05 0,11 ,00c 

Nr_keywords 7,35 2,19 0,15 0,15 -0,09 0,15 ,00c 

OC_1stkey -5,76 6,50 0,15 0,11 -0,15 0,15 ,00c 

OC_2ndkey -5,55 5,83 0,16 0,08 -0,16 0,16 ,00c 

OC_3rdkey -5,88 7,44 0,19 0,15 -0,19 0,19 ,00c 

OC_4tkey -6,24 7,69 0,22 0,15 -0,22 0,22 ,00c 

Openrate 0,13 0,06 0,10 0,10 -0,07 0,10 ,00c 

c. Lilliefors Significance Correlation 
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Appendix C: Correlations 

 

Table 24. Table of Correlations; Spearman´s rank correlation coefficient. 

Variable  1 2 3 4 5 6 7 8 9 10 

1 

Correlation 

Coefficient 

1,00 ,53** ,44** -,15* ,19** ,14* ,13 ,23** -,02 -,00 

Sig. (2-tailed) . ,00 ,00 ,03 ,01 ,03 ,06 ,00 ,83 ,97 

2 

Correlation 

Coefficient 

,53** 1,00 ,85** ,01 ,04 -,01 -,10 ,03 -

,20** 

-

,23** 

Sig. (2-tailed) ,00 . ,00 ,93 ,59 ,85 ,14 ,65 ,00 ,00 

3 

Correlation 

Coefficient 

,44** ,85** 1,00 -,04 ,05 ,03 -,11 ,04 -

,21** 

-

,23** 

Sig. (2-tailed) ,00 ,00 . ,52 ,47 ,68 ,11 ,61 ,00 ,00 

4 

Correlation 

Coefficient 

-,15* ,01 -,04 1,00 -,01 ,27** ,01 ,10 ,09 -,04 

Sig. (2-tailed) ,03 ,93 ,52 . ,87 ,00 ,89 ,14 ,17 ,61 

5 

Correlation 

Coefficient 

,19** ,04 ,05 -,01 1,00 ,71** ,30** ,18** -,05 ,10 

Sig. (2-tailed) ,01 ,59 ,47 ,87 . ,00 ,00 ,01 ,47 ,13 

6 

Correlation 

Coefficient 

,15* -,01 ,03 ,27** ,71** 1,00 ,38** ,19** -,01 ,08 

Sig. (2-tailed) ,03 ,85 ,68 ,00 ,00 . ,00 ,00 ,88 ,24 

7 

Correlation 

Coefficient 

,13 -,10 -,11 ,01 ,30** ,39** 1,00 ,41** ,17* ,21** 

Sig. (2-tailed) ,06 ,14 ,11 ,89 ,00 ,00 . ,00 ,01 ,00 

8 

Correlation 

Coefficient 

,23** ,03 ,04 ,10 ,18** ,19** ,41** 1,00 ,30** ,23** 

Sig. (2-tailed) ,00 ,65 ,61 ,10 ,00 ,00 ,00 . ,00 ,00 

9 

Correlation 

Coefficient 

-,02 -,20** -

,21** 

,094 -,05 -,01 ,17* ,30** 1,00 ,36** 

Sig. (2-tailed) ,83 ,00 ,00 ,17 ,47 ,88 ,01 ,00 . ,000 

10 

Correlation 

Coefficient 

-,00 -,23** -

,23** 

-,04 ,104 ,081 ,22** ,23** ,36** 1,00 

Sig. (2-tailed) ,97 ,00 ,00 ,61 ,13 ,24 ,00 ,00 ,00 . 

       Significant positive correlation 

       Significant negative correlation 

Table Description: 1 – Openrate; 2-Sent; 3 – Sent_days; 4 – Length_subject; 5 – Length_preheader; 6 – Nr_keywords; 7 

– OC_1stkey; 8 – OC_2ndkey; 9 – OC_3rdkey; 10 – OC_4thkey 
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Appendix D: Levene´s Test 

Table 25. Levene´s test for the categorical variables and Openrate. 

  Categorical variable Levene 

Statistic 

df1 df2 Sig. 

Openrate 

Based on the 

Mean 

HasDigits 0,35 1 215,00 0,54 

Personalization 1,59 1 215,00 0,21 

Sender_recognize 0,41 1 215,00 0,52 

Punctuation 7,14 2 214,00 0,00 

Based on the 

Median 

HasDigits 0,14 1 215,00 0,71 

Personalization 1,25 1 215,00 0,26 

Sender_recognize 0,22 1 215,00 0,64 

Punctuation 6,30 2 214,00 0,00 

Based on the 

Median and 

with adjusted 

df 

HasDigits 0,14 1 215,00 0,71 

Personalization 1,25 1 208,15 0,26 

Sender_recognize 0,22 1 208,84 0,64 

Punctuation 6,30 2 208,02 0,00 

Based on 

trimmed 

mean 

HasDigits 0,27 1 215,00 0,60 

Personalization 1,57 1 215,00 0,21 

Sender_recognize 0,33 1 215,00 0,57 

Punctuation 7,01 2 214,00 0,00 
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Appendix E: Kruskal-Wallis Test 

 
Table 26. Kruskal-Wallis Test: Ranks and Test Statistics. 

Openrate Ranks Test Statistics 

 N Mean 

Rank 

Kruskal-

Wallis H 

df Sig. 

Grouping 

variable 

HasDigits No 47 143,64 
18,26 1 0,00 

Yes 170 99,42 

Personalization No 172 109,67 
0,09 1 0,76 

Yes 45 106,44 

Sender_recognize No 39 135,03 
8,17 1 0,00 

Yes 178 103,30 

Punctuation 

Affirmative 187 111,29 

2,98 2 0,23 Exclamation 24 88,50 

Interrogation 6 119,50 
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Figure 14. Keyword Cloud framework. 

Appendix F: Keyword Cloud Framework 
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Figure 15. Evaluation framework. 

Figure 16. Random Forest Cross Validation with Redundant Feature Selection Technique. 

Appendix G: Evaluation Frameworks 
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Figure 17. Random Forest Cross Validation with Backward Feature Selection. 

 

Figure 18. Backward Feature Selection.  
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Appendix H: Evaluation Metrics of the Random Forest model 

 

Table 27. Accuracy and error rate of each Cross Validation fold. 

 

Table 28. Weighted Feature importance. 

Feature 

Number of splits 
 

Number of candidates 

Weighted Feature 

Importance Level 

0 

Level 

1 

Level 

3 

 Level 

0 

Level 

1 

Level 

2 

Sent 23 21 36  25 50 75 1,82 

OC_4thkey 21 23 31  26 51 73 1,68 

OC_3thkey 17 19 20  23 47 61 1,47 

OC_2ndkey 8 13 33  27 44 83 0,99 

Lenght_preheader 6 27 23  25 64 71 0,99 

OC_1stkey 5 21 25  25 50 72 0,97 

Lenght_subject 10 3 20  27 35 85 0,69 

Hasdigits 8 6 10  28 55 76 0,53 

Interrogation 1 7 10  23 46 60 0,36 

Affirmative 1 2 5  35 45 71 0,14 

Sender_recognize 0 4 4  15 64 64 0,13 

Personalization 0 0 1  21 49 85 0,01 

 

 

Cross Validation fold Sample size Error rate Accuracy 

1 22 0,23 0,77 

2 22 0,18 0,82 

3 22 0,05 0,95 

4 21 0,10 0,90 

5 22 0,23 0,77 

6 22 0,14 0,86 

7 21 0,19 0,81 

8 22 0,32 0,68 

9 22 0,09 0,91 

10 21 0,24 0,76 

 Total = 217 Average Error rate ~ 18% Average Accuracy ~ 82% 
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