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Abstract: The purpose of this research is to find influential factors on 
electronic word-of-mouth effectiveness for e-retailers in Twitter social media, 
applying data mining and text mining techniques and through R programming 
language. The relationship between using hashtag, mention, media and link in 
the tweet content, length of the content, the time of being posted and the 
number of followers and followings with the influence of e-WOM is analysed. 
48,129 tweets about two of the most famous American e-retailers, Amazon and 
eBay, are used as samples; results show a strong relationship between the 
number of followers, followings, the length of the content and the effectiveness 
of e-WOM and weaker relevance between having media and mention with  
e-WOM effectiveness on Twitter. Findings of this paper would help e-retailing 
marketers and managers to know their influential customers in social media 
channels for viral marketing purpose and advertising campaigns. 
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1 Introduction 

The power of electronic word-of-mouth (e-WOM) on firms’ market performance has 

recently attracted great research attention (e.g., Chen and Xie, 2008; Ho-Dac et al., 2013). 

Numerous studies on the effect of e-WOM on the performance of companies have been 

conducted due to the proliferation of e-WOM on social media. Prior studies have strongly 

verified that e-WOM is an important source of information for consumers and helps them 

with making purchase decisions (Chen and Xie, 2008; Chevalier and Mayzlin, 2006; 

Dellarocas et al., 2007; Duan et al., 2008a, 2008b; Rui et al., 2011). The mentioned 

studies have been conducted on different channels such as online review sites (Liu, 

2006), Twitter (Asur and Huberman, 2010; Rui et al., 2011), blogs (Qin, 2011), and many 

other social media channels. 
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Controlling and leading e-WOM, as a marketing tool and influencing  

consumer-to-consumer communication to achieve positive purchase decisions, are 

difficult tasks for entrepreneurs and marketers (Kozinets et al., 2010; Kleina et al., 2015). 

One of the challenges faced by the current research is the complexity of measuring  

e-WOM effectiveness caused by the high number of effective factors involved in this 

process, such as direct customer experiences, attractive messages, celebrity 

endorsements, and consumer involvement (Dwyer, 2007). On the other hand, managers 

are generally unfamiliar with the key factors that can encourage online social network 

members to take part in an e-WOM process. Among all the e-WOM channels, social 

media have become among the most common e-WOM channels because of their 

ubiquity, mobility, and interactivity (French and Read, 2013). These features of social 

media enable users to communicate and connect with one another more frequently and 

more closely (Laroche et al., 2013; Kleina et al., 2015). So, an increased number of 

customers make purchase decisions based on social media referrals that are the 

recommendations of other consumers or the ones impressed by the contents related to a 

company or its products. Consequently, social-network-based communication is 

becoming a necessity for companies to sustain success in the current competitive 

markets. 

Twitter is one of the main online social-network-based services in the world. It is a 

microblog service, where various users including celebrities, news organisations, 

marketers, and ordinary users find creative ways of expressing themselves in short  

140-character or fewer messages, called tweets, and connect with a community of 

followers. Due to statistics portal, Statista, from the 1st quarter of 2010 to the 4th quarter 

of 2016, the social media platform the microblogging service averaged at 319 million 

monthly active users. 

On the other side, the advent and development of the internet is enhancing e-shopping 

and e-selling, which is an alternative channel beside traditional shopping channels; 

therefore, the current research aims to investigate the factors effective on the success of 

e-WOM in Twitter social media, one of the most worldwide microblogs, and in the scope 

of e-retailing. It would give this chance to e-retailing managers and marketers to know 

the features of a good content for e-WOM and as a result for viral marketing and increase 

the influence and success of their contents on the social media. It also gives the chance to 

know the customers who have an influence on their brands on social media channels, 

based on features like the number of followings and followers and the features of their 

contents and even cooperate with them in order to have better advertising campaigns. 

Companies can also cooperate with these customers in producing a common content for 

e-WOM (Jin and Phua, 2014). 

As a whole, the current research mainly concentrates on this scope according to the 

growth of online retailers and the competition among them, the development of social 

media communication among consumers, alongside the necessity for companies to 

harness user-generated e-WOM to better understand consumers so as to create 

competitive advantage (Dey et al., 2011). In order to be distinct, the current research uses 

different large-scale data analysis techniques by using data mining techniques and the 

tools of R programming language leading to the reduction in errors made by tools.  

The results would be verified being compared to the results from previous studies of the 

field, which might have been done by other tools; This study also concentrates on  

e-WOM effectiveness so the definition of influence is different in this research: it is the 
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number of re-tweets plus the number of favourites because being liked or shared means 

the content has been seen and regarded; current research is done on tweets made by 

ordinary users not the companies themselves, so the effect of popularity that causes users 

to share or like a post regardless of the content, would decrease; This paper focuses on  

e-retailing sector, because e-WOM is more effective on online businesses, since if 

effective, they can easily lead to a transaction; Text mining is also done in this study. 

This could demonstrate the main topics of the tweets that are considered as e-WOM; 

considering time and both the number of followings and followers as they can influence 

the number of favourites and re-tweets differently is another source of originality in this 

study. 

2 Literature review 

2.1 Electronic word-of-mouth 

E-WOM is the user’s ideas about the company and its product or service evaluations by 

talking and texting each other in the virtual world (King et al., 2014; Barreto, 2014).  

E-WOM is different from traditional WOM in various perspectives, including: 

1 several customers can receive the same message, which can be retrieved from 

anywhere at any time (Henning-Thurau et al., 2004) 

2 e-WOM can be measured more accurately and controlled more conveniently than its 

traditional counterpart (Cheung and Thadani, 2012). 

Henning-Thurau et al. (2004) defined e-WOM as: “any positive or negative statement 

made by potential, actual or former customers about a product or company, which is 

made available to a multitude of people and institutions via the internet.” E-WOM is 

distributed through different internet channels such as consumer forums (web-based 

consumer-opinion platforms used by consumers to publicise and communicate their 

opinions), boycott websites, personal e-mails, chat rooms, and instant messages (Cheung 

and Thadani, 2012). Unlike the traditional WOM, which required face-to-face or 

telephone communication, e-WOM is text-based with a sender typing a message on the 

internet and a number of users reading this message on the internet. 

The huge quantity of text-based e-WOM messages available on the internet has 

caused both opportunities and challenges for researchers and managers. One opportunity 

for instance can be free access to voluminous, authentic consumer information. On the 

other side, it can be hard to correctly utilise the huge amount of unstructured textual 

information (Lehto et al., 2007), because it would not be easy to review this huge amount 

of data and it is quite challenging to find a specific pattern due to not having a specific 

structure. 

2.2 E-WOM and e-retailing 

E-WOM is establishing itself as a more influential marketing tool compared to traditional 

WOM because of its speed, convenience, large domain, and absence of face-to-face 

human communication and pressure (Phelps et al., 2004; Lee et al., 2013). 

Recommendations and complaints are among the most commonly used e-WOM formats. 
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In a survey of 2,000 internet users, more than 70% of the respondents reported that online 

reviews had a significant influence on their purchase decisions and they also noted that 

online consumer reviews had a greater influence than the reviews made by professionals 

(comScore, 2007). 

Some prior studies have investigated market performance (i.e., product revenues and 

diffusion) in relation to e-WOM. Studies (e.g., Chevalier and Mayzlin, 2006; Dellarocas 

et al., 2007; Joeckel, 2007) have proved by relatively consistent evidence that the volume 

and valence of e-WOM are significantly effective on product sales and stock prices.  

As an instance, due to Chevalier and Mayzlin (2006), favourable consumer ratings were 

positively related to book sales. Chu and Kim (2011) suggested that social network 

factors (e.g., tie strength) affected consumers’ e-WOM behaviours. Sparks et al. (2013) 

found that both the origin and content of online reviews influenced consumers’ opinions, 

attitudes and purchase decisions. E-businesses present a more widespread variety of 

products and services than do traditional businesses. According to this feature, product 

choices available on the Internet overwhelm consumers by causing purchase decisions to 

get harder. E-WOM has become increasingly fundamental in enabling consumers to 

make purchase decisions more conveniently and get less confused. Nielson demonstrated 

that 92% of 28,000 internet users in 56 countries rely on the recommendations of friends 

and their families, and 70% of them rely on online consumer reviews (Chaney, 2012). 

2.3 E-WOM and social media 

Since the advent of social network analysis, there have been efforts to identify the most 

effective factors on social networks. The extension of the internet and technology 

advancement has caused online social networks to become challenging cases of study 

based on big data content and complex interpersonal relationships coming together. 

Knowing the influence of users and being able to predict it, can be useful for many 

applications, such as viral marketing, controlling e-WOM process and analysis of 

consumer’s ideas about company and its products [information propagation (Golbeck and 

Hendler, 2006); searching (Lada, 2005), expertise recommendation (Song et al., 2006), 

social customer relationship management (Li et al., 2014), percolation theory (Morone 

and Makse, 2015), etc.]. 

Social media have become of the most prevalent e-WOM channels because of their 

unique specifications such as ubiquity, mobility, and interactivity (French and Read, 

2013; Zmuda, 2012). Social media enable users to communicate and connect with each 

other more frequently, closely and easily (Laroche et al., 2013; Kleina et al., 2015). 

According to Boyd and Ellison (2007), social networking websites are described as  

web-based services, which provide internet users an opportunity to have their own 

profiles and networks via friends lists while allowing them to reach others. Therefore, 

consumers can find a chance to talk about the product information that affects their 

purchase decisions with their friends on social media (Kozinets et al., 2010). Social 

media users can either create their own contents related to their opinions which can be in 

the form of posts, comments, likes, or sharing other users’ posts. In fact, they generate 

their own networks together with other users with whom they have similar ideas about a 

product or service, so finding potential and loyal consumers can be more convenient for 

companies through this media. 
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2.4 Social media and user influence 

In order to know what happens in e-WOM processes and what are the influential factors, 

it is necessary to know the specifications of the users who have the power to influence 

purchase decisions of other users because of their authority, knowledge, position or 

relationship (BusinessDictionary, 2015), known as influencers in literature. Based on 

Verhoef et al. (2013), social networks involve value co-creation because neither are all 

the contents made by users equally interesting, nor are all the customers equally 

influential due to their different specification. 

According to the theory of influential, only a few members of a society are able to be 

impressive when presenting ideas to other users. So, by satisfying a few influencers and 

therefore at a lower cost, we could achieve extremely positive results due to the effects of 

influencers on a big network (Messias et al., 2013). Users are considered active when 

their activity in a social network is constant and frequent in a period of time, regardless of 

the attention they receive for their participation. Considering this feature, there may be 

very active Twitter readers, who cannot be identified by current metrics, because they 

leave no trace on the network. Therefore, ‘participation’ in a social network is specified 

as the metrics that can be measured like doing tweets, re-tweets, mentions, replies, etc.  

In this sense, Yin and Zhang (2012) define the activity of a user as the probability of 

seeing a tweet by a user. Determining if a user has seen a tweet is impossible, but if a 

user re-tweets a tweet, we would consider it as being read by the user; so re-tweeting is 

one of the measures of influence. 

Re-tweets and likes also involve an implicit interaction between the user’s action and 

the author of the original tweet (Riquelme and González-Cantergiani, 2016). Perhaps the 

simplest activity measure is the tweet rank (Nagmoti et al., 2010), which is just a metric 

that counts the number of tweets of a user. Tweet count score (Noro et al., 2012) is 

another way of measuring the influence. It counts the number of original tweets plus the 

number of re-tweets. Therefore, visible activities of a user can be measured as influence 

metrics. 

Due to the discuss rank (Jabeur et al., 2012), a user is considered active if he initiates 

conversations around a topic. It is based on multigraphs or graphs with multiple edges 

between two nodes. In this algorithm, nodes are the users, and the edge is based on 

followers, re-tweets and mentions among users. 

The IP influence (Romero et al., 2011) measures both the users’ influence and their 

passivity. The passivity of a user is defined as the difficulty for the user to be influenced 

by another in some period of time, which means they do not cooperate with the spread of 

content over the network. This algorithm is defined by considering metrics of re-tweets, 

followers and followings. 

Considering previous research findings, the current research limits the scope of the 

study to e-retailing market as a highly competitive market and relies on original  

user-generated data to understand consumer response toward e-WOM about e-retailers in 

Twitter. This study also applies different data mining and text mining techniques so as to 

investigate if different data analyses tools can make more validity in results and eliminate 

potential errors. 
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3 Research conceptual model and research questions 

Considering all measures and factors mentioned above leads us to some possible 

important influential factors that might determine content effectiveness in Twitter. This 

research considers the total number of re-tweets plus favourites for each content as a 

measure of influence and accordingly as content effectiveness measure. We also assumed 

that user’s network specifications including the number of followers and the number of 

followings are related to the content effectiveness, which he/she posts on the network. 

Based on an understanding of the content marketing literature, this survey considers 

that some of tweets’ features might also contribute to the effectiveness of content in terms 

of being re-tweeted or liked (that is called favourite in Twitter social media). These 

important features are using media, URLs, mentions, and hashtags in a tweet and the 

length of it. Finally, we assume that the time of posting might have an effect on being 

spread in the network. The conceptual model comprising of all potential influential 

factors is represented in Figure 1. 

Figure 1 Research conceptual model 

 

3.1 Followers 

The number of followers is an indicator of influence in social media. Since users try to 

make social capital by their networks to promote their tweets (Ghosh et al., 2012), their 

followers are an indicator of being influential. Here we consider that the high number of 

followers can cause a user to have a stronger network, and therefore leads to receiving 

more tweets from other users and also more followings as a result of being an influential 

user. The first question is: does the number of followers affect content influence (made 

up of the sum of re-tweets and favourites of a post) in Twitter social media? 
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3.2 Followings 

The high number of followings causes a user’s posts to appear on their Twitter newsfeed 

and leads to being more re-tweeted and liked, resulting in spreading an e-WOM content 

(Jin and Phua, 2014; Lahuerta-Otero and Cordero-Gutiérrez, 2016). In the second 

question, this research intends to investigate if the number of followings is effective on 

the tweet influence, in Twitter social media. 

3.3 Length 

Length, measured by the number of characters of a tweet, is another independent 

variable. Previous research works suggest different results for the effect of length. Bennet 

(2014) found that a tweet of a length of 71–100 characters is ideal. Enge (2014) also 

proved that the larger the tweet is, the more effective it will be on influence.  

Lahuerta-Otero and Cordero-Gutiérrez (2016) declared that longer tweets are less 

influential. Some researchers accept this reverse relation and believe that in long tweets, 

other users cannot add other characters (Abolqami et al., 2015). In the third question, this 

research investigates if the length of a tweet has any effect on content influence in 

Twitter social media. 

3.4 Media 

Media includes images and videos. Media can make content more interesting. Hubspot’s 

social-media scientist, Zarrella (2009) found that tweets with images are 94% more likely 

to be re-tweeted than tweets without it. Consequently, the fourth question is: does 

including the media in a tweet affect its influence in Twitter social media? 

3.5 Link 

More than half of re-tweets contain a link (Zhang et al., 2014). Using link can cause a 

tweet to have a detailed description and compensate the restrictions for the number of 

characters included in a tweet. There are different and even contradictory beliefs about 

link effect on tweet influence. For example, according to Malhotra et al. (2012), in a 

study on 47 well-known companies, and based on Lahuerta-Otero and Cordero-Gutiérrez 

(2016), using links would not help posts to be re-tweeted. In line with that, Lee (2015) 

and Ross (2014) proved that using links has no effect on influence. While Bongwon et al. 

(2010) and also Zarrella (2009) found that tweets including link are more likely to be  

re-tweeted. Although, some authors believe that using links does not help tweets to get 

more engagement such as re-tweets, favourites, and mentions (Lee, 2015), this research 

intends to investigate if including a link in a tweet affects the influence in Twitter social 

media. 

3.6 Hashtag 

The number of hashtags is a way of measuring engagement (Lee, 2015; Pal and Counts, 

2011). Using hashtag enables users to identify trending topics and have reactions to it. 

So, by using hashtag the e-WOM contents about a special company can be found more 

conveniently, and consequently the probability of being re-tweeted or liked will increase. 
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Due to Boyd et al. (2010) almost one-fifth of tweets have a hashtag. So, we investigate 

the effect of hashtag on influence in Twitter social media. 

3.7 Mention 

Mentions are of contextual characteristics of tweets (Boyd et al., 2010). According to 

Boyd et al. (2010), more than nearly one-tenth of re-tweets have a mention inside. Using 

mention makes this chance for users to get alert if their name is included in a tweet, so 

they can engage in it by re-tweeting or liking it (Enge, 2014). So by using mention, more 

users would be called to see a tweet leading to more favourites and re-tweets. The next 

question might address the effect of using mentions on influence in Twitter social media. 

3.8 Time 

According to Lee (2014) and based on his survey on 4.8 million tweets across 10,000 

profiles, early morning hours appear to be the time in which tweets receive more clicks 

on average. Late at night and evenings are also the times, effective on increasing  

re-tweets and favourites. This research also considers the potential effect of time of 

posting a tweet on its effectiveness as it has been less investigated in previous studies. 

4 Research methodology 

4.1 Sample selection 

In order to investigate the research questions in e-retailing sector we have chosen two of 

the most famous American e-retailing companies, eBay and Amazon, based on the high 

speed of effect that e-WOM has on online businesses and can instantly cause a 

transaction and the worldwide reputation and success of these two companies in this 

sector. In 2016 Amazon became 11 among the world’s most innovative companies on 

Forbes lists, 237 in Global 2000 including rank 44 in sales, 998 in profit and 387 in 

assets, 8 in market value, and 12 in world’s most valuable brands. In 2016, on Forbes 

lists, eBay also became 466 in Global 2000, including 686 in sales, 347 in profit,  

1,213 in assets, and 371 in market value, it also took ranking 166 among America’s best 

employers. 

Data is collected from an online dataset website, http://followthehashtag.com, which 

collects data about different companies which are active on Twitter. The data is retrieved 

by following the hashtags. The primary data is 62,246 tweets that are collected from  

28th March 2016 to 15th June 2016. The final data after cleaning the dataset and cutting 

out the repetitive data consists of 48,129 tweets on both companies. The data includes all 

tweets from ordinary users that were creating posts, using either ‘eBay’ or ‘Amazon’ as 

keywords. 

4.2 Measures 

Based on research conceptual model depicted in Figure 1, the independent variables of 

this research are the number of followers, the number of followings, hashtag, mention, 
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media, link, length and time. The contents of tweets are also used for doing some text 

mining analysis for supplementary findings. 

In order to improve the results of the analysis, the best measure for each of the 

variables is chosen such as using binary measures for hashtag and mention because of 

their low dispersion. Binary measure for the link is also used, because it is important 

whether the content includes a link or not. This also applies to the media. Influence, the 

dependent variable of this study, is measured by the sum of re-tweets and favourites of 

each tweet based on literature and because in our research, the spread of a tweet and 

being seen by other users matter for investigating the success of e-WOM. So, here 

influence is considered as the sum of re-tweets and favourites. Given that the posting 

users are usually ordinary people, the number of re-tweets and favourites are mostly in 

the range of 1 to 10 and data includes lots of posts with zero Influence. For balancing the 

dispersion of the data, two categories have been generated, i.e., zero influence and  

non-zero influence, which would be called categories A and B. In the second step, three 

categories are introduced, i.e., zero influence, influence from 1 to 10, and influence more 

than 10, which would be called categories A, B and C. To apply each algorithm, the data 

is separated into training data, including 70% of the data for doing analysis and the other 

30% as test data for verifying the algorithm that is done by software. 

4.3 Methods 

As the goal of the current research is to find patterns and correlations within a large 

dataset including a large number of variables and samples, data mining and text mining 

techniques are reliable and appropriate tools and the large variety of their techniques 

helps in verifying the results and choosing the best among them; these methods are also 

an innovation introduced in this study and make it distinct from previous studies in the 

field. 

Among the existing classification methods in data mining, decision tree is chosen for 

analysis because the most relevant input variables should be considered to form decision 

tree models. Variable importance is computed in this method based on the reduction of 

model accuracy when the variable is removed and by using the tree model derived from 

historical data, it would be easy to predict the result for future records (Song and Lu, 

2015). Different algorithms are used to find the best answers that are able to verify each 

other. Decision tree algorithms such as regression tree, CART, and random forest are 

applied to data. To perform text mining, tm package is used in R software in order to 

identify the frequent items, associations of special words, topics and count the most 

commonly used words in e-retailing sector. Finally, some sentiment analysis has been 

done by using sentiment lexicons of Stanford University. R programming language, 

version 3.1.2, is used for analysing data by using relative packages and data mining 

algorithms. 

Regression tree is formed by rpart function from rpart package in R software. By this 

function, the decision tree is drawn and variable importance is calculated to identify the 

most important variables of the tree. CART decision tree is drawn by applying Ctree 

function from the party package, in depth 3 and 4. The algorithm is tested by the test data 

with prediction function. Tree function from Tree package is also used to draw a decision 

tree in order to verify the results of other decision trees. By applying random forest 

function from random forest package on the data, a multitude of decision trees are 

constructed, including 100 to 500 trees at training time and output the class that is the 
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mode of the classes or mean prediction of the individual trees. The mean decrease 

accuracy and mean decrease Gini of variables are calculated by applying random forest 

algorithm to investigate variables’ importance. The algorithm is tested by predicting the 

influence of the test data. 

5 Research findings 

In order to distinguish the variables when abbreviated in decision trees, ‘following’ is 

replaced with ‘tracing’, link with URL, mention is written with a lowercase letter, and 

media is abbreviated with a capital letter. First of all, Ctree function is applied on the data 

after cleaning it and categorising it into two classes, A and B. ‘A’ refers to the data with 

zero influence and ‘B’ refers to the data with non-zero influence. Ctree function is 

applied in depth 3 and as Figure 2 represents, length is the most important variable due to 

being the root of the tree. Based on the results, the lengthier a tweet is, the more probable 

it will be for it to be categorised into class B. Having no media falls into the class A, but 

URL does not make fundamental changes. The more the number of followers, the more 

the probability of being categorised in class B. Length of more than 139 characters, 

neutralises the effect of media and the data either with media or without it, stay mostly on 

class B. Having a length of more than 139 characters along with media, increases the 

percentage of class B. By applying Ctree in depth 4, link, followers, media and length 

appear to be important variables, but they do not make much difference between 

branches. It verifies that length is one of the effective variables as it increases the 

percentage of class B by getting more then 119 or 102 characters. By testing the 

algorithm with the test data in confusion matrix, 67% of the data is found to verify the 

algorithm. By testing it with training data, 68% confidence is also found in Ctree, applied 

in depth 3. Refer to Tables 1 and 2. 

Figure 2 Ctree, depth = 3, two-class categorised data 
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Table 1 Confusion matrix for testing Ctree on train data with depth 3 on two-class categorised 
data 

Categorisation A B 

A 16,740 9,323 

B 1,277 6,387 

Table 2 Confusion matrix for testing Ctree on test data with depth 3 on two-class categorised 
data 

Categorisation A B 

A 7,129 4,069 

B 603 2,601 

In depth 4, 69% and 68% accuracy is also gained in a confusion matrix for train and test 

data, respectively. To verify the above results, other decision tree algorithms such as tree 

classification, regression tree and random forest are tested. In regression tree as shown in 

Figure 3, length of the tweet and the number of followers are the most important 

variables, which have a direct relationship with influence. According to Figure 3, length 

of more than 139.5 characters together with the number of followers of more than 6,411, 

leads to being included in class B. length of more than 139.5 characters also leads to  

class B regardless of the number of followers. By applying importance function as for 

Table 3, in this algorithm, we find length, followers and followings as the most important 

variables respectively. 

Table 3 Variable importance identified in regression tree, two-class categorised data 

Variable Length Follower Tracing (following) 

Importance 2,318.8179 972.5409 228.8587 

In tree function, the number of followers, followings and length are among the 

fundamental variables in the decision tree with a direct relationship. You can see the 

results in Figure 3. 

Figure 3 Tree classification, two-class categorised data 
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In random forest, 500 trees with OOB (out of bag error) have been plotted equal to 

23.56% and 76% of the data verifying the algorithm; as Table 4 demonstrates by testing 

training data. By drawing the diagram of mean decrease Gini and mean decrease 

accuracy for random forest algorithm, length, follower and following become the most 

influential variables based on having bigger mean decrease Gini and mean decrease 

accuracy. Please see Figure 4. The mentioned variables have more importance based on 

importance function in random forest algorithm. By testing the algorithm with the test 

data, we find 75% accuracy in the model. 

Table 4 Confusion matrix, testing by training data prediction, number of trees: 500,  
OOB estimate of error rate: 27.88% 

Categorisation A B Class error 

A 15,056 3,051 0.1684984 

B 4,908 10,772 0.3130102 

Figure 4 Random forest algorithm, two-class categorised data 

 

To conduct a deeper investigation and decreasing the human errors in classification of 

influence, an analysis considering three classes in data has been deployed. The three 

classes considered as A, B, and C are defined as: A: influence = 0, B: influence = < 10, 

C: influence > 10. 

By applying Ctree function, in depth 3, on training data, based on Figure 5, media is 

the most important variable in a decision tree. In the second depth, there is a length limit, 

defined by being less than 138 characters, the C class goes to zero percent and by 

increasing the length, influence goes up. In the third depth, we have the number of 

followings that has a direct relation with influence. Another influencing variable is the 

number of followers that highly increases the percent of class C. By testing the algorithm 

with training data, 64% of validity is derived and by examining the test data, the 

precision of 63.56% is obtained. 

Exerting depth 4 by Ctree function, in the fourth depth, again follower, following and 

length make considerable differences. In this depth the validity of 71% and 67% for 

training and test data is obtained by testing the model. In regression tree and on  
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three-class categorisation, length, the number of followers, and the number of followings 

are the directive variables, which have a direct relationship with influence. Applying 

importance function on this function, again length, following and follower become the 

most important variables. You can see results in Table 5. 

Table 5 Variable importance identified in regression tree, three-class categorised data 

Variable Length Follower Tracing (following) 

Importance 2,318.8179 972.5409 228.8587 

Figure 5 Ctree, depth = 3, three-class categorised data 

 

In tree function, the number of followers, the number of followings and length are found 

as fundamental variables that have a direct relationship with influence. In random forest 

algorithm, with 72% and 71% of validity based on confusion matrix on training and test 

data respectively, the variables of length, follower and following are the most important 

variables as they have remarkably bigger mean decrease Gini and mean decrease 

accuracy rather than the other variables. See Figure 6. 

Figure 6 Random forest algorithm, three-class categorised data 
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Along with the mentioned algorithms analyses, text mining is applied on the contents of 

all tweets by identifying frequent items, associations, frequent topics, wordcloud and 

sentiment analysis. As a result, no special difference is recognised between zero influence 

contents and non-zero ones, but some general results are driven for the whole contents; 

By finding frequent items and wordcloud, results show that the names of the companies 

and the word ‘stock’ are the most frequent items and the names of companies like Apple, 

Google, Tesla and Netflix are among frequent items too. By finding the top 15 topics out 

of the most frequent ones, we find that the most used topics are about comparing the 

stocks of these two companies with the above-mentioned ones. Words like ‘buy’ and 

‘sell’ are also used in topics frequently. You can see five topics of fifteen frequent topics 

in Tables 6 and 7 that mostly include the names of famous companies and the word 

‘stock’. 

Table 6 Top topics for zero influence tweets 

Top topics’ rank Special words of topic 

1 ‘amzn, buy, aapl, amazon, stock, spi, ebay, short, twtr, call’ 

2 ‘amzn, amazon, inc, buy, read, stock, ebay, googl, share, nflx’ 

3 ‘amzn, amazon, inc, googl, ebay, msft, read, goog, sell, day’ 

4 ‘amzn, ebay, read, amazon, stock, price, trade, see, high, goog’ 

5 ‘amzn, ebay, read, googl, price, nflx, earn, msft, new, target’ 

Table 7 Top topics for non-zero influence tweets 

Top topics’ rank Special words of topic 

1 ‘googl, ebay, amazon, tsla, amzn, twtr, nflx, https, spi, will’ 

2 ‘amzn, stock, spx, amazon, nflx, market, ebay, qqq, twtr, top’ 

3 ‘amzn, aapl, spi, trade, qqq, amazon, option, tsla, get, twtr’ 

4 ‘amzn, aapl, nflx, amazon, spx, goog, earn, googl, trade, tsla’ 

5 ‘amzn, aapl, stock, amazon, googl, qqq, tsla, spi, lnkd, sell’ 

Deploying sentiment analysis also does not retrieve any meaningful differences, but as a 

whole the words are mostly neutral and the others are mostly positive rather than 

negative. Results are demonstrated in Tables 8 and 9 and show that most of words in 

both, zero influence tweets and non-zero ones are neutral. 

Table 8 Sentiment analysis on tweets with zero influence 

Level of sentiment –5 –4 –3 –2 –1 0 1 2 3 4 6 13 

Frequency 1 3 19 82 5,622 280,930 7,965 160 21 3 1 1 

Table 9 Sentiment analysis on tweets with non-zero influence 

Level of sentiment –4 –3 –2 –1 0 1 2 3 4 6 16 

Frequency 1 8 116 5,258 281,453 7,794 206 19 4 1 1 
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6 Discussion 

E-WOM, especially in social media, has become one of the most important marketing 

instruments for companies in the current competitive market. Social media including 

Twitter is one of the most important sources of e-WOM, in which people get involved in 

spreading contents and engaging in viral marketing process by creating a network of 

friends. By investigating e-WOM contents and the features of the users, marketers would 

be able to distinguish between influential and non-influential users. As a result, 

companies can make these users involved in their advertising campaigns and in spreading 

e-WOM through different platforms. They can even know the features of an effective 

content leading to notions that can be considered in viral marketing and even marketing 

campaigns (Kumar and Mirchandani, 2012). Consequently, knowing the effective 

features can help firms create more effective contents. Data mining is of the most 

practical techniques for investigating data and finding patterns in them. Data mining and 

other analytical techniques are widely used by firms to extract knowledge from marketing 

data and might be easily applied for marketing purposes in social networks as well. 

Current research identifies the features of an effective content along with the features of 

the user spreading it that includes the number of followings and followers. In this 

research, being effective is called influence that is the number of re-tweets plus the times 

a post is liked. The effective factors, which can help companies spread positive contents 

by viral marketing and get to know the users with effective contents are analysed. These 

influential characteristics would be considered in order to encourage social network users 

to spread positive e-WOM (Chu and Kim, 2011). 

Accordingly, in this research some assumptions mentioned in literature about the 

effectiveness of factors, and some additional ones in social media are evaluated. 

Considering network related factors as well as text related specifications to investigate 

the most influential factors role play in tweet diffusion, exclusively in e-retailing market 

along with data mining and text mining techniques, make the current research 

exceptional. 

Deploying data mining analysis process as mentioned in the latter part, we find that 

the number of followers, followings, and text length are the most effective factors that 

have a direct relation with influence. Based on e-WOM purpose, the message must be 

seen or re-tweeted in Twitter social media; this is why favourite is considered as a factor 

of being seen. The high number of followers and followings cause a post to be seen more 

and proportionally, the possibility of being re-tweeted increases if seen more. As the 

results prove, in very high numbers of followers and followings, influence increases to 

more than 10. In conformance to literature, also the number of individuals following a 

user indicates popularity (Bigonha et al., 2010). Consequently, users that follow others 

indirectly increase their popularity, so more users can see tweets and some of them might 

eventually engage with tweets, as they are perceived as a source of credibility (Jin and 

Phua, 2014). 

The results also demonstrate that the length of a post that is retrieved from the 

number of characters is effective on influence. Considering the text length, we find a 

direct relation between length and influence that is also proved in some previous studies 

such as Tao et al. (2012). Enge (2014) in line with the current research, supposes that the 

longer the tweet, the better the chances of engagement (in the form of re-tweets and 

favourites). 
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By applying Ctree function on both, two-class categorised and three-class categorised 

data in depth 3 and 4, media is reflected as an impressive factor, which means having 

media possibly increases the effectiveness of a post. Including media, the content is 

expected to be more interesting and have more fun for users, leading to more favourites 

and re-tweets. Based on the natural structure of tweets, it is easy to distinguish quickly, 

especially when they include figures or videos. According to Rogers (2014), users who 

are looking at a Twitter page with very little time, will more likely see those tweets that 

contain images or videos and this would increase the possibility of sharing the content. 

Time of tweeting a post has not been deducted in decision trees, but according to Lee 

(2014), early morning hours appear to be the time in which tweets receive more attention. 

Time is seen in logistic regression as supplementary analysis. In this algorithm, time has 

indirect relation with influence and this is in line with the research done by Lee (2014) 

but because of having large null and residual deviance, the result is not remarkable. 

Link, mention, and hashtag are seen in the latter depths of the trees drawn by Ctree 

function and have a direct relation with influence but their presence makes no specific 

difference between branches. Also, regarding the larger mean decrease Gini and mean 

decrease accuracy in random forest function, link, hashtag, and mention are the least 

important variables, respectively. Literature shows that hashtag and mention have a direct 

relation with influence because they help users to find subjects based on their interests 

more conveniently (Pal and Counts, 2011; Enge, 2014; Lee, 2015). Nevertheless, data 

analysis in the current dataset does not exhibit any significant relation. In some previous 

studies, link is also proved not to help the content to be liked or re-tweeted more  

(Lee, 2015; Ross, 2014). The reason maybe that clicking on the link leads the users to 

another page and again makes getting information harder. It might also look like 

advertising and not an e-WOM content from an ordinary user. 

7 Conclusions 

This study suggests that practitioners and marketers can explore the tweets with the 

specifications mentioned as effective factors on influence and find their influential users 

in Twitter social media. They can cooperate with these users in social media marketing 

and their marketing campaigns. They can also make effective contents, regarding the 

effective factors such as media and the length of contents. Another effective factor based 

on the current research is the network of a user. Accordingly, marketers must extend their 

networks in social media by increasing the number of followers and followings in order 

to help contents broadcast more easily, leading to better viral marketing. 

For further research, it is proposed to conduct a data analysis on a larger number of 

tweets, in a longer period of time, or different time periods to determine the robustness of 

results. It could also be done on more than two e-retailing companies (eBay and Amazon) 

so that they involve different countries and not just the USA. Also, other competitive 

industries such as telecommunications and Hi-tech companies could be studied. Other 

software programs such as Python and RapidMiner could be applied to verify the results 

of the R software. This research is only focused on Twitter social media; and further 

research works could be planned on other social media platforms or other social networks 

to analyse the network effect. 



   

 

   

   

 

   

   

 

   

   18 Z.Y. Dahka et al.    
 

    

 

 

   

   

 

   

   

 

   

       
 

In text mining, words in special categorisations (i.e., goods, stocks, other news, 

special events, and so on) can be searched in tweets. In this way, the difference between 

the contents of two categorisations of influence (zero influence and non-zero influence) 

can be better analysed. The main filter in this survey is two keywords, eBay and Amazon, 

but we have not explored if the contents are positive or negative, if they are directly 

related to the company or not, and if they are advertisements or just news or other 

features. Basically, we have assumed that all tweets of these companies are simply 

contents about them that can attract users’ attention, even just as a reminder of their 

names. Still, in further research works the content of tweets can be analysed and maybe 

only some certain contents could be considered as e-WOM. 
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