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i 

 

Abstract 

 

The purpose of this study is to compare a series of well-known statistical machine 

learning techniques that classify online social network (OSN) Twitter users based on their 

socioeconomic status (upper/middle/lower). These approaches are of difference owing to 

their assumptions, strengths, and weaknesses. In the experiments, five (5) classification 

algorithms are employed for the classification task. Logistic Regression, Support Vector 

Machine (SVM), Naïve Bayes (NB), k-Nearest Neighbors, and Decision Tree are applied 

on high-dimensional data set extracted from the users’ platform-based and profile-based 

behavior on Twitter. These algorithms are theoretically investigated and experimentally 

evaluated in terms of four (4) performance measures: accuracy, precision, recall, and 

AUC. Then, ensemble methods i.e. Bagging and Boosting are employed to improve the 

performance of the aforementioned classifiers. Multivariate analysis of variance is 

employed to examine if performance measures of these algorithms are significantly 

different. And univariate analysis of variance is used to analyze the differences of our 

classification methods for each performance measure. The analyses indicate a significant 

difference among these algorithms; both SVM and NB achieve good performance on our 

high-dimensional OSN data set. 
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1   Introduction 

Statistical machine learning is a well-established field for data analysis. Machine learning 

techniques have been intensively used to analyze data from a broad spectrum of 

applications, such as face detection, sentiment classification, and recommendation 

systems. To classify the socioeconomic status (SES) of Twitter users efficiently, a series 

of classification algorithms are applied and their ability of classification is assessed in 

this thesis. 

 

1.1 Background and motivation 

Inferring information expressed in online social networks (OSNs) e.g. Twitter, Facebook, 

Myspace plays an important role in sociology, marketing, and epidemiology, and this 

information can be used in both predictive and descriptive problems. For example, we 

can improve the performance of recommendation services provided by OSNs (e.g., 

LinkedIn and Facebook) by estimating the relationship strength for pairs of users within a 

certain range (e.g., working in the same company, sharing the same hobbies, etc.). OSNs 

can automatically suggest new connections to users based on the relationship strength. 

This information can be also used to build an online member’s personalized newsfeed, 

i.e., real-time updates about status change, activities, new posts or other stories from 

contacts. When building the personalized newsfeed, prioritizing updates could be more 
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beneficial to the user by removing or downplaying updates from acquaintance contacts 

rather than from friends. In addition, we can rank the search results for a certain user 

based on the search history of related users; this is because one’s preference is more 

likely to coincide with those who are strongly related. Apart from the relationship 

strength estimation, analysis of users’ impact and credibility based on online data has 

drawn increasing attention due to the open structure of OSNs. 

 

This thesis aims at inferring the SES of social media users, based on a vast amount of 

data extracted from the platform of Twitter and users’ profiles. For the period, the users’ 

data are described by platform-based behavior (e.g. number of tweets of a user, the 

number of replies, mentions or retweets), platform impact, topics of interest, interactive 

behavior, and keywords in user's profile description. 

 

Twitter is a large, with rising popularity, user-based microblogging platform, collecting 

tons of information among users all over the world. Millions of Twitter users connect and 

interact with their families, friends, and colleagues via posting short messages called 

tweets that contains a limit of 140 characters. Unlike Facebook and LinkedIn, users 

follow (followers) other users or are followed (being followees) un-reciprocally, which 

means a user can follow any user without being followed back and one can receive all the 

tweets from their followers, thus information is diffused rather quickly on Twitter. A 

retweet can be abbreviated as "RT." The RT is the message (tweet) that is reposted or 

forwarded with attribution to the user who first posted it. More concretely, ‘#’ that is 

followed by a word stands for a hashtag (a phrase or keywords used to describe a topic), 
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and ‘@’ followed by a user identifier represents a user, like “mention”. Retweeting is an 

easy and quick way for dissemination of information. And the posting which has been 

retweeted thousands of times and accompanied with a proper hashtag can be seen as a 

trending topic. Real-world outcomes (e.g. What are the most popular topics? Which user 

is most influential? Which area are they most interested in?) could be predicted through 

analyzing the user profile information, social relations, trending topics and millions of 

tweets and retweets (Kwak et al., 2010; Weng et al., 2010).  

 

The contributions of this thesis are three-fold:  

1) Measuring the performances of different classification methods; 

2) Balancing the trade-off between the computational complexity and the 

performance of models; 

3) Statistical comparison of methods using variance analysis. 

 

1.2 Structure of the thesis 

The remainder of this thesis is organized as follows. Chapter 2 presents a literature 

review that includes the related work and an introduction to the field of machine learning 

and classification. In Chapter 3, we give the data description and discuss the 

methodologies including single and ensemble classification methods in detail. The 

experimental settings, results and evaluation of the algorithms appear in Chapter 4. 

Finally, Chapter 5 concludes the work and points out possible directions for future work. 
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2   Literature Review 

2.1 Related work 

Previous studies have analyzed social media from various aspects. Szabo and Huberman 

(2008) investigated the temporal patterns of news popularity. They reported a method to 

predict the long-term popularity of online social content by modeling the amassing 

content of views and votes gathered from YouTube and Digg. Their study indicated a 

statistical correlation between the prediction accuracy and updated speed of news. 

Benevenuto et al. (2009) studied the behaviors of OSNs users based on clickstream data 

from four (4) popular social websites: Orkut, MySpace, Hi5 and LinkedIn. By grouping 

all user activities into nine (9) categories: Search, Scrapbook, Messages, Testimonials, 

Videos, Photos, Profile & Friends, Communities, and Other, the clickstream model was 

developed to investigate the frequency, type, and relative sequence of the activities and to 

compute the probability of transferring from one category to another. A topological 

method was also applied to understand the pattern of interactions. Schneider et al. (2009) 

also developed a cross-system analysis of the features and their influence within 

Facebook, Hi5, LinkedIn, and StudyVZ. They presented an efficient customizable 

approach for extracting users’ information and identifying OSN sessions and user 

behaviors. Meo et al. (2013) conducted a comparative study of users’ behavior in three 

different social platforms: Flickr, Delicious, and StumbleUpon. The study examined if 

and how the features of a given system reflected users’ behaviors and also the correlation 
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between tagging and social networking behavior of individual users. Jiang et al. (2013) 

highlighted the latent interactions in OSNs and the structures among online social 

activities. By using detailed measurement and statistics over a period of 90 days, the 

problems of user popularity, the mutual effect of visits and the influence of content 

updates upon user popularity were studied. They found that latent interactions were the 

vast majority of users’ activities. 

 

There exists some research focusing on Twitter data. For example, by analyzing the data 

extracted from Twitter, Kwak et al. (2010) found a non-power-law following 

distributions between followees and followers. When studying the influential on Twitter, 

they found a similarity between ranking individuals by the number of followers and by 

the PageRank algorithm; but these two rankings were different from ranking by retweets. 

They also studied the temporal behavior and individual’s participation based on the 

tweets of trending topics. Asur and Huberman (2010) examined how social media could 

be used to predict future outcomes. They forecasted the box-office revenues for movies 

by analyzing the content of tweets and presented sentiment analysis to improve the power 

of predictions. Lampos et al. (2014) presented a study of user impact prediction on 

Twitter, based on non-textual and textual attributes under users' direct control. Impact 

score was defined for this problem which is formulated as a regression task. Linear and 

non-linear learning methods were applied and the model based on Gaussian Processes 

performed well, indicating that it is more suitable than linear methods for this problem. 

Another study formulated a classification task by using a variety of latent feature 

representations to identify the occupational class for an OSN user profile (Preoţiuc-Pietro 
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et al., 2015). It was conducted on an extensively labeled data set extracted from Twitter 

users, including platform features, the textual content of tweets, and their job titles. The 

experiments illustrated that both linear and non-linear learning algorithms could predict 

well a user’s most likely job class as one of nine major groups of the Standard 

Occupation Classification (SOC), and the non-linear methods showed strong accuracy. 

Through a qualitative assessment, the textual attributes, especially the word clusters that 

capture both interests and behaviors of occupation classes indicated good prediction 

performance. 

 

2.2 Machine Learning 

All scientific fields aim at explaining available experimental evidence well in order to 

generalize it and make inferences. Statistical machine learning, as a scientific field, tries 

to reveal the underlying structure of data by developing models. Thus, machine learning 

helps us understand the nature of our data and make predictions for the future data. 

Machine learning is a subfield of the broader topic Artificial Intelligence, since it studies 

how to automatically learn to make predictions relying on past observations. 

 

In machine learning, the data we use is essentially a collection of data instances. A data 

instance can be in any form or shape depending on the field of study. For example, it can 

be a video, text or a picture. Supervised machine learning considers data instances with 

their labels. In this case, data instances are pairs consisting of an input object and its 

associated labels. The task in supervised machine learning is to predict the labels of 
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future data based on existing labeled data. This is generally handled by inferring a 

function from the labeled data. Depending on the type of the label to be inferred, the task 

is usually divided further into two sub-tasks: regression and classification. In regression, 

the given labels are continuous variables. For example, predicting the temperature for the 

upcoming days is a regression task, since the temperature can take any value. In contrast 

to regression, in classification, the labels are a finite set of categories, i.e. classes. Thus, 

the goal of classification is to assign an input object to one of the classes. In this thesis, 

we are concerned with the classification task. 

 

2.3 Classification 

Classification has a broad range of applications. Diagnosing a tumor as benign or 

malignant by making use of X-ray mammographies that have been previously given is a 

classification task. Here the classes are benign and malignant. Or, consider the optical 

character recognition (OCR) problem. The task in OCR is to recognize the images of 

handwritten letters and then assign them to one of twenty-four classes. Prediction of an 

email as spam or ham, face detection in computer vision, fraud detection in credit card 

transactions and classification of microarray data in bioinformatics are well-known 

examples of the classification task. 

 

Formally, the task of classification can be described as follows. Let an instance be an 

object that is represented by a set of features (characteristics) and a class label 

(categories). A learning algorithm (classifier) is essentially a mapping function from the 
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features to the set of class labels. In the context of supervised machine learning, the task 

of classification assumes the presence of a data set that consists of labeled instances. A 

classifier is built on the labeled data such that it automatically predicts classes and can be 

used for future instances. The task of classification is to search for a classifier from all 

possible mapping functions, subject to the constraints imposed by the labeled data set. 
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3   Methodology 

To classify the SES of OSN users, we apply some methods (like NB and KNN) that are 

low in complexity and easy to interpret. We also try some more sophisticated or 

composite methods (like SVM, ensemble methods) to increase performance. The 

algorithms used in this thesis are: 

• Logistic Regression (via Generalized Linear Model or GLM) 

• Support Vector Machines  

• Naïve Bayes  

• K-Nearest Neighbors  

• Trees and Rules: CART and C4.5 

• Ensemble methods: Bagging and Boosting 

 

To assess performance of the algorithms, four (4) performance measures (accuracy, 

precision, recall, and AUC) will be used, and computing time as well. Additional 

comparison will be run by MANOVA. 

  

3.1 Data description 

In this section, we give a detailed description of the data set used for this study. The data 

for this thesis was extracted and inferred by Lampos et al. (2015) from a set of 1,342 
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profiles of Twitter users and their corresponding tweets, denoted by 𝒟1 (2,082,651 tweets 

in total) for the period between February 1, 2014 to March 21, 2015. These users were 

selected from a pool of 100,000 Twitter users during this period of time who set their 

location as UK in profile descriptions. They only considered those users who have an 

occupation according to the Standard Occupational Classification (SOC) (Elias, Birch et 

al., 2010) hierarchy which provides a mapping from SOC to SES.  

 

Lampos et al. converted this data (user profiles and corresponding tweets) to a data set 

with 1291-dimensional feature vectors  grouped into five (5) user feature categories as 

follows: 

 

C1: The frequent 1-gram vocabulary index presented in users’ tweets, representing 

dimensions 1 to 560 in data_matrix.csv. As Lampos et al. (2016) defined, the1-gram (𝑥) 

frequency for user ⅈ is  𝑓𝑖 =
|𝑥𝑖|

𝑁𝑖
, where |𝑥𝑖| denotes the number of appearances of 𝑥 in the 

tweets of user ⅈ and 𝑁𝑖 represents the total number of tweets for ⅈ. 

 

C2: The key words in a user’s profile (1-grams and 2-grams) represent dimensions 561 to 

786 and 787 to 1083 in data_matrix.csv respectively. 

 

C3: The frequency distribution of 200 topics that is derived from the tweets associated 

with C1 which are represented by 1-gram clusters corresponds to dimensions 1084 to 
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1283. The frequency of a topic (𝜏) of a user ⅈ is defined as 𝜏𝑖 = 𝛴𝑓𝑖∈𝜏 𝑓𝑖, where 𝑓𝑖 ∈ 𝜏 

denotes the frequency defined in C1 which belongs the topic 𝜏 clusters.   

 

C4: The platform-based behavior, from dimensions 1284 to 1287, represent the ratios, 

over the total number of tweets of a user ⅈ, of replies, mentions, retweets and unique 

mentions of other accounts. 

 

C5: The platform impact, denoted by dimensions 1288 to 1291, expresses the number of 

accounts followers, followees, listing time and the impact score for each user, which are 

represented by the log-number of followers+1, followees+1, listing+1 and the impact 

score, respectively. 

 

A SES class label for each user corresponds to each line of  𝒟1; there are 710 upper, 318 

middle and 314 lower SES classes, mapped to users by utilising the SOC (Elias, Birch et 

al., 2010; Preoţiuc-Pietro et al., 2015) where jobs are hierarchically organized on the 

basis of required skills and job content. The SOC taxonomy consists of nine 1-digit 

occupational groups at the top level and each group is divided into sub-groups, breaking 

down to 369 4-digit groups (the fourth level). 

 

Additionally, 159,101,560 UK tweets that were posted in the same period denoted as 𝒟2 

were randomly sampled to compile the set of latent topics among Twitter users. To obtain 

200 clusters of 1-grams vocabularies which consisted of latent topics and expressions of 

linguistics, Lampos et al. applied spectral clustering (Von Luxburg, 2007) on these 
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sampled tweets. Then they computed the frequency of each topic in the tweets selected in 

𝒟1 presenting in category C3 above. 

 

 

Impact score 

On Twitter, it is known that users with a large number of followers such as popular 

politicians, artists, and brands have a substantial impact in the real world. For any user’s 

account, the number of followers (which represent other users interested in this account) 

could simply assess an account’s popularity.  

 

Nevertheless, non-popular accounts can still gain many followers via exploitation. For 

instance, users who follow other accounts with a purpose of expecting to be followed 

back. Consequently, user impact should not be quantified only by the number of 

followers (Cha et al., 2010). Moreover, the alternative 𝛷𝑖𝑛/𝛷𝑜𝑢𝑡 , the ratio of followers 

to followees, is not a reliable measurement because it is invariable to scale. Lampos at el. 

(2014) defined the impact score (S) as: 

𝑆(𝛷𝑖𝑛, 𝛷𝑜𝑢𝑡, 𝛷𝜆) = ln (
(𝛷𝜆 + 1)(𝛷𝑖𝑛 + 1)

2

𝛷𝑜𝑢𝑡 + 1
) 

where 𝛷𝜆 ≥ 0 is an added indicator denoting the number of times that a user has been 

listed by others. Note that 𝛷𝑖𝑛 ≥ 0 is the raw number of followers, 𝛷𝑜𝑢𝑡 ≥ 0 denotes of 

the number of followees.  
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3.2 Single classifiers 

3.2.1 Logistic Regression 

Logistic regression was first proposed by Sir David Cox in 1958. It is somewhat similar 

to linear regression in that it aims to determine a good classifier by determining the value 

of coefficients that represent the weights for each input variable. Unlike linear regression, 

the output is a probability which is a non-linear function of the input variables. It is a 

binary classification algorithm.  

 

Before getting into the details of logistic regression, we first introduce the following 

notation that will be used later. Let 𝑋 denote a k-dimensional feature space; 

(𝑋1, 𝑋2, … , 𝑋𝑘) be a set of explanatory variables. Let 𝑌 be a class set consisting of two 

possible class labels {0, 1}. A training data set 𝑇 is a set of instances (𝑥𝑖, 𝑦𝑖) generated 

from the labeled space (𝑋, 𝑌) under the independent, identically distributed (i.i.d.) 

assumption. Given the training data T, the goal of a binary classifier is to find a 

probability function ℎ that can predict classes accurately for future instances. A function 

is essentially a mapping function from the feature space 𝑋 to the class set Y, where  

𝑌 = {
0    if in class 1
1    if in class 2

.  

 

In logistic regression, the probability function of 𝑌 = 1 is defined as follows: 
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h(x; θ) = g(θTx) =
1

1 + 𝑒−θ^T x
 

where θ is a vector of parameters that parameterizes the function space mapping from 𝑋 

to 𝑌 and g(z) =
1

1+𝑒−𝑧
 is called the logistic function or the sigmoid function. 

 

The task of logistic regression is to find a vector θ such that h(x; θ) is modelling the 

probability distribution of Y, at least for the training data T. To find θ, we can endow the 

model with a set of probabilistic assumptions and then estimate the parameter θ via 

maximum likelihood. More precisely, assume that the class labels and input features are 

related via the following function: 

{
𝑃(𝑌 = 1) = 𝑝

𝑃(𝑌 = 0) = 𝑞
,    where 𝑝 = ℎ(𝑥), 𝑞 = 1 − 𝑝 

 

The likelihood function is defined as: 

L(θ) =∏ 𝑝(𝑦𝑖|𝑥𝑖; 𝜃)
𝑚

𝑖=1
 

where p(𝑦𝑖 |𝑥𝑖;θ) is the probability of 𝑦𝑖 given 𝑥𝑖 parameterized by θ. In this context, we 

should choose θ to maximize L(θ), making the data occur with as high probability as 

possible.    

 

To conduct the logistic regression in this thesis, the glm function (generalized linear 

models) will be used with the argument quasibinomial (link = “logit”).     
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3.2.2 SVM 

Support Vector Machines (SVM), first introduced by Vapnik in the 1960s for 

classification, provides one of the most accurate and robust learning methods. It can be 

applied to data sets with varying numbers of dimensions. The efficiency of SVM models 

in both technique and theory is being steadily improved (Wu et al., 2008, Burbidge & 

Buxton, 2001). The goal of SVM is to find the “best” classification function to separate 

the members of different classes in the training data. Take linear separation of binary 

classes as an example. A linear classification function corresponding to a separating 

hyperplane separates the two classes (positive class P and negative class N for 𝑦𝑖 =

+1,−1 respectively) and is denoted by:  

𝐰𝑇𝐱𝑖 + 𝑏 ≤ −1, for all 𝐱𝑖 ∈ 𝑁 

𝐰𝑇𝐱𝑖 + 𝑏 ≥ +1, for all 𝐱𝑖 ∈ 𝑃 

 

In a pair (𝒘, 𝑏), 𝒘 is the weight vector and b is a constant. Hence the decision rule is 

given by the sign of the function: 𝑓𝒘,𝑏(𝐱𝑖) = sgn(𝐰
𝑇𝐱𝑖 + 𝑏). 

 

Obtaining the optimal functions requires finding maximum margin hyperplanes between 

different classes. This gives the best generalization capability and ensures both 

classification performance on training data and space for correcting classification of the 

future data (Wu et al., 2008). An SVM classifier tries to maximize the following 

Lagrangian function:  
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𝐿(𝐰, b, Λ) =
1

2
‖𝒘‖2 −∑𝜆𝑖𝑦𝑖(𝒘

𝑇𝐱𝑖 + 𝑏) +∑𝜆𝑖

𝑙

𝑖=1

𝑙

𝑖=1

 

where Λ = (𝜆1, 𝜆2, … , 𝜆𝑙)
𝑇 are Lagrange multipliers, 𝑙 is the number of training examples, 

and the pair (𝒘, 𝑏) defines a hyperplane. 

 

By differentiating with respect to 𝒘 and 𝑏, and setting the derivatives equal to 0, we 

obtain: 

𝜕𝐿(𝒘, 𝑏, 𝛬)

𝜕𝒘
= 𝑤 −∑𝜆𝑖𝑦𝑖𝐱𝑖

𝑙

𝑖=1

= 0,
𝜕𝐿(𝒘, 𝑏, 𝛬)

𝜕𝑏
= −∑𝜆𝑖𝑦𝑖 = 0.

𝑙

𝑖=1

 

 

Hence, the optimal function is given by: 

𝑓𝒘∗,𝑏∗(𝐱𝑖) = sgn(𝒘∗𝑇𝐱𝑖 + 𝑏
∗) 

where 𝒘∗ = ∑ 𝜆𝑖
∗𝑦𝑖𝐱𝑖

𝑙
𝑖=1  and 𝑏∗ = 𝑦𝑖 −𝒘

∗𝑇𝐱𝑖 for any support vector 𝐱𝑖. 

 

To extend the SVM classifier from binary tasks to multiclass classification, the ‘one-

against-all’-approach that means repeatedly setting one class as a positive class and the 

rest grouped as the negative class can be used. Thus, for k category tasks (k>2), k(k-1)/2 

binary classifiers are trained and the appropriate class can be found by a voting scheme. 

 

3.2.2.1 Kernel functions 

Kernel functions are used to handle a variety of non-separable cases by mapping the input 

data into a higher-dimensional feature space. Then the new mapping is linearly-separated 
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(Rätsch, 2004; Scholkopf & Smola, 2001). The kernel K(x, y) = ⟨Φ(x),Φ(y)⟩ gives the 

definition of the mapping which is achieved by replacing the inner product (x, y). Much 

recent research (Amari & Wu, 1999; Afifi, 2013) has focused on using different kernels 

for SVM classifications. Two of the most popular kernel functions are: 

• Polynomial Kernel: Kernel(X, X′) = (ξ + γX𝑇𝑋′)𝑑 

• Radial Basis Function, RBF: Kernel(X, X′) = exp (−
‖𝑋−𝑋′‖

2

2𝜎2
) 

 

The polynomial kernel allows for separating curves in the input space. When the degree 

of the polynomial equals to 1, it is the same as the linear kernel. For the radial basis 

function kernel, 

γ =
1

2𝜎2
∈ (0,1) 

which must be specified to the learning algorithm. This allows for a more complex 

separating region.  

 

3.2.2.2 PRBF 

Notice that the classical kernels like Polynomial or Gauss functions each have good 

performance for some kinds of data sets. The new proposed kernel function PRBF (Afifi, 

2013) that combines both Polynomial and Gauss functions can handle a high dimensional 

data set and perform well for nearly all data sets. The definition is given by: 

PRBF = (
(1 + exp (−sum(𝑥1𝑖 − 𝑥2𝑖)

2)

𝑃𝐷
)

𝑑

 



 

18 

 

where P denotes the kernel parameter, D is the number of attributes (the dimension of the 

input data), and d is the polynomial degree as shown before.  

 

By computing the limit of PRBF/RBF, their study shows that PRBF converges faster than 

RBF as follows: 

lim
𝑥1𝑖,𝑥2𝑖→∞

(
𝑃𝑅𝐵𝐹

𝑅𝐵𝐹
) = lim

𝑥1𝑖,𝑥2𝑖→∞

(

 
 (

(1+exp(−sum(𝑥1𝑖−𝑥2𝑖)
2
))

𝑃𝐷
)

𝑑

exp (−sum(𝑥1𝑖−𝑥2𝑖)
2

𝑃𝐷

)

 
 
= lim

𝑥1𝑖,𝑥2𝑖→∞
(
(
1+𝑒−𝑇

𝑉
)
𝑑

𝑒−𝑇

𝑉

) = ∞,  

where T = sum(𝑥1𝑖 − 𝑥2𝑖)
2, V = PD. 

 

3.2.3 Naïve Bayes 

Naïve Bayes (NB) algorithm is one of the oldest formal classification methods, with the 

simplest form and surprising efficiency (Wu et al., 2008). This classification algorithm is 

of the probabilistic type and is based on Bayes’ theorem. For each class, the posterior 

probability is computed from training data and predicted class is the one having the 

highest posterior probability. NB computes the posterior 𝑃(𝑌|𝑋), based on estimating the 

likelihood 𝑃(𝑋|𝑌) and prior 𝑃(𝑌), where 𝑋 =< 𝑋1, … , 𝑋𝑘 >,𝑋𝑖, ⅈ ∈ {1, … , 𝑘} refers to 

the ⅈth feature and 𝑌 is the class variable. When computing 𝑃(𝑌|𝑋), it is assumed that 

each feature is mutually conditionally independent given 𝑌 so as to make the estimation 

of 𝑃(𝑋|𝑌) easier. According to this assumption, 𝑃(𝑋|𝑌) can be readily estimated as: 

𝑃(𝑋|𝑌) = 𝑃(𝑋1, … , 𝑋𝑘|𝑌) =∏𝑃(𝑋𝑖|𝑌)

𝑘

𝑖=1
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Using this, NB outputs the posterior probabilities for each class in 𝑌, given by: 

𝑃(𝑌 = 𝑦𝑙|𝑋1, … , 𝑋𝑘) =
𝑃(𝑌 = 𝑦𝑙)∏ 𝑃(𝑋𝑖|𝑌 = 𝑦𝑙)

𝑘
𝑖=1

∑ 𝑃(𝑌 = 𝑦𝑗)∏ 𝑃(𝑋𝑖|𝑌 = 𝑦𝑗)
𝑘
𝑖=1𝑗

 

 

In addition to the computation of the posterior probabilities for each class, the NB 

classification rule picks the class with the highest posterior probability, i.e. 

𝑌 ← 𝑎𝑟𝑔𝑚𝑎𝑥𝑖𝑃(𝑌 = 𝑦𝑙)∏ 𝑃(𝑋𝑖|𝑌 = 𝑦𝑙)
𝑘

𝑖=1
 

 

Based on the type of features discrete-valued or real-valued probabilities 𝑃(𝑋𝑖|𝑌), ⅈ ∈

{1,… , 𝑘}  are estimated in two different ways. However, in both cases, maximum 

likelihood estimation is usually preferred for estimating 𝑃(𝑋𝑖|𝑌) (Barber, 2012). When a 

feature is discrete-valued (i.e. when a feature takes a value from a finite countable set) the 

maximum likelihood estimate is computed as: 

𝑃(𝑋𝑖 = 𝑥𝑖𝑗|𝑌 = 𝑦𝑙) =
number of times 𝑋𝑖 = 𝑥𝑖𝑗  for class 𝑦𝑙 

number of instances in class 𝑦𝑙 
 

 

When 𝑋𝑖 is real-valued (i.e. continuous), it is common to fit a Gaussian distribution for 

each class in 𝑌 (Michell, 1997). In this case, the NB classifier is referred as a Gaussian 

Naïve Bayes Classifier. To this end, we need to estimate the mean 𝜇𝑖𝑙 and the variance 𝜎𝑖𝑙
2 

for each 𝑦𝑙 ∈ 𝑌. It is common to use maximum likelihood estimators to estimate 𝜇𝑖𝑙 and 

𝜎𝑖𝑙
2. Basically, an estimator of 𝜇𝑖𝑙 can be computed as: 
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�̂�𝑖𝑙 =
sum of 𝑋𝑖 values for class 𝑦𝑙
number of instances in class 𝑦𝑙

 

and an estimator of 𝜎𝑖𝑙
2 can be obtained by:  

𝜎2̂𝑖𝑙 =
sum of  square of differences between 𝑋𝑖 values and �̂�𝑖𝑙

number of instances in class 𝑦𝑙
 

 

Having computed �̂�𝑖𝑙 and  𝜎2̂𝑖𝑙,  𝑃(𝑋𝑖 = 𝑥𝑖𝑗|𝑌 = 𝑦𝑙) can be estimated via the following 

probability density function: 

𝑃(𝑋𝑖 = 𝑥𝑖𝑗|𝑌 = 𝑦𝑙) =
1

√2𝜎2̂𝑖𝑙𝜋

𝑒
−
(𝑥𝑖𝑗−�̂�𝑖𝑙)

2

2𝜎2̂𝑖𝑙  

 

Finally, we estimate the prior 𝑃(𝑌 = 𝑦𝑙) by means of maximum likelihood estimation, 

which is given by: 

𝑃(𝑌 = 𝑦𝑙) =
number of instances in class 𝑦𝑙

number of instances in class 𝑦𝑙 in the training set
 

 

Notice that with NB we can model 𝑃(𝑋|𝑌) and 𝑃(𝑌). Since the joint distribution 𝑃(𝑋, 𝑌) 

is equal to 𝑃(𝑋|𝑌)𝑃(𝑌), we model the joint distribution with NB. As a result, new data 

instances can be sampled through NB. For this reason, NB is known as a generative 

model (Flach, 2012).   
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3.2.4 KNN 

K-Nearest Neighbors (KNN) is also very simple and effective. It is a straightforward 

extension of Nearest Neighbor which is introduced in the works of T.M. Cover (1968). 

KNN is an instance-based, nonparametric and lazy-learning classification technique. It 

has good performance especially for scaled, no missing value and lower dimensional data. 

Moreover, because of a minimal explicit training phase, this algorithm is learned very 

fast. Unlike SVM where all the non-support vectors can be discarded, KNN, as the laziest 

of algorithms, makes a prediction based on the entire training data. This method makes 

predictions by locating the k most similar cases to a given instance. The output of the 

KNN classification method is calculated as the class with a majority vote from these k-

most similar instances.  

 

Given a training set 𝒟 where the training objects (𝐱, 𝑦) ∈ 𝒟 , and x is the data of the 

training object and 𝑦 is the corresponding class, and a test object 𝓏 = (𝐱′, 𝑦′) , the 

distance 𝑑(𝐱, 𝐱′) between 𝓏 and each training object (𝐱, 𝑦) is calculated to identify the k 

closest training objects 𝒟𝓏 ⊆  𝒟. One of the most commonly used notions is Euclidean 

distance: 

𝑑(𝑥, 𝑥′) = √∑(𝑥𝑖 − 𝑥′𝑖)2
𝑘

𝑖=1

 

 

Note that Euclidian distance treats each feature equally and its measures are only valid 

for continuous variables. For categorical variables, the Hamming distance is used: 
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𝑑𝐻(𝑥, 𝑥
′) =  ∑|𝑥𝑖 − 𝑥

′
𝑖|
2,    𝑥 = 𝑦 ⟹ 𝑑 = 0; 𝑥 ≠ 𝑦 ⟹ 𝑑 = 1

𝑘

𝑖=1

 

 

Then the algorithm classifies the test object according to the majority class of its nearest 

neighbors. The majority voting output 𝑦′ is given by: 

𝑦′ = argmax𝑣 ∑ 𝐼(𝑣 = 𝑦𝑖)

(𝑥𝑖,𝑦𝑖)∈𝒟𝓏

,  

where the class label 𝑣 is determined by the class label for ⅈth nearest neighbour 𝑦𝑖, and 

the indicator function 𝐼(·) = {
1, if its argument is true
0,                        otherwise

 . KNN is suitable for multi-class 

problems where an object could belong to one of several classes. 

 

3.2.5 Trees and rules 

3.2.5.1 CART 

Classification and Regression Tree (CART) is also a useful algorithm for predictive 

machine learning. CART was introduced by Breiman, Friedman, Olshen, and Stone 

(1984) and represents a crucial milestone in the fields of nonparametric statistics, data 

mining, Machine Learning, and Artificial Intelligence (AI). It is a powerful and simple 

decision tree algorithm. The basic idea here is to find binary splits on variables in a top-

down manner, where each split produces a right child and a left child. The best split at 

each stage is chosen to be the one that reduces the total impurity of the child nodes, 

compared to the parent node. All the variables are tested to find the best individual split 

at each stage. Successive splits result in the construction of a tree. If this procedure is 
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repeated for all cases until there is only one value left at the final leaf, there will be 

overfitting and inaccurate prediction. To prevent overfitting, a stopping criterion is used 

based on a minimum number of leaves. 

 

Deviance or entropy may be used to determine impurity. The impurity at a leaf is given 

by: 

𝐼𝑡 = −2 ∑ 𝑛𝑡𝑗 log 𝑝𝑗|𝑡
𝑗 𝑎𝑡 𝑡

 

where 𝑝𝑗|𝑡 = 𝑝𝑡𝑗/𝑝𝑡, 𝑝𝑡𝑗 is the probability of a case reaching leaf 𝑡 within class 𝑗 and 𝑝𝑡 

is the probability of reaching leaf 𝑡. As 𝑝𝑗|𝑡 is estimated by 𝑛𝑡𝑗 /𝑛𝑡, where 𝑛𝑡𝑗 is the 

number of class 𝑗 reaching leaf 𝑡 and 𝑛𝑡 is the overall number reaching leaf 𝑡. 

 

Thus, the estimated impurity is: 

𝐼�̂� = −2 ∑ 𝑛𝑡𝑗 log
𝑛𝑡𝑗

𝑛𝑡
𝑗 𝑎𝑡 𝑡

 

 

And the deviance at a node 𝑇 is denoted by: 

𝐼 (𝑇) = ∑ 𝐼𝑡
𝑙𝑒𝑎𝑣𝑒𝑠 𝑡∈𝑇

 

 

A recursive partitioning routine in R (rpart) (Therneau, Atkinson and Foundation, 1997) 

is used in this study to construct classification trees.  
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3.2.5.2 C4.5 

Decision Tree C4.5 is one of the most widely applied learning methods for classification 

(Quinlan, 1993). It applies a divide-conquer approach to build decision trees.  

 

C4.5 is different from CART in the following respects (Wu et al., 2008): 

• C4.5 allows binary or multi-classes tests, whereas tasks in CART are always 

binary. 

• C4.5 prunes trees using a single-pass method induced from binomial confidence 

limits; CART uses a model whose parameters are estimated by cross-validation. 

• C4.5 applies information-based criteria to rank tests, while CART uses the Gini 

diversity index. 

• When referring to unknown value attributes in a case, C4.5 distributes the case 

according to their probabilities, but CART searches for alternatives which 

approximate the outcomes. 

 

3.3 Ensemble methods 

3.3.1 Bagging 

Ensemble methods are introduced to increase the accuracy of the models. Bagging (or 

bootstrap aggregating) is a meta technique for improving classifiers by reducing the 

variance component of their error (Breiman, 1996). Given the training data set 𝑇 of size 

𝑚, bagging first generates 𝑘 new training set 𝑇𝑖 of size 𝑚 by sampling instances from 𝑇 
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uniformly with replacement. Then, for each training sample 𝑇𝑖 a classifier ℎ𝑖 is trained. 

Bagging provides a class estimate for any instance by generating a posterior distribution 

of scores 𝑠𝑦 over all the possible classes 𝑦 such that the score for each class 𝑦 is the sum 

of scores 𝑠𝑦𝑖 obtained by the classifiers ℎ𝑖 with ⅈ ∈ {1,2,3, … 𝑘}. The class 𝑦 with the 

highest score 𝑠𝑦 is the estimated class for that instance.   

 

3.3.2 Boosting 

Boosting, another method of combining weak classifiers, was summarized in the works 

of Freund and Schapire (1999). The logic of boosting is parallel to that of bagging except 

for using a more sophisticated way of sampling training sets. More specifically, for 

bagging there is the weight for each bag while in boosting, the weight is assigned to each 

instance. The basic idea is to create a strong classifier using a weighted ensemble of the 

weak classifiers. The procedure may be described as follows (Hastie et al., 2001):  

• Set the initial weights 𝑤𝑖 =
1

𝑛
, ⅈ = 1, 2, 3, … , 𝑛 

• For 𝑚 = 1, 2, 3, …, M, by using a current weight, find a classifier 𝐶𝑚(𝑥𝑖) and 

find an error measure which lies in (0, 1), equal to 1 if none of the cases are 

correctly classified and 0 if the opposite: 

𝑒𝑟𝑟𝑜𝑟𝑚 =
∑ 𝑤𝑖𝐼(𝑦𝑖 ≠ 𝐶𝑚(𝑥𝑖))
𝑛
𝑖=1

∑ 𝑤𝑖
𝑛
𝑖=1

 

• Then compute new weights sign: 𝑤𝑖 = 𝑤𝑖exp[𝑎𝑚𝐼(𝑦𝑖 ≠ 𝐶𝑚(𝑥𝑖))], ⅈ =

1,2,3, … , 𝑛, where 𝛼𝑚 = log((1 − 𝑒𝑟𝑟𝑜𝑟𝑚) 𝑒𝑟𝑟𝑜𝑟𝑚⁄ ),  

• Thus, the final output class for 𝑥𝑖 is 𝐶(𝑥𝑖) = sign[∑ 𝑎𝑚𝐶𝑚(𝑥𝑖)
𝑀
𝑚=1 ].  
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3.4 Evaluation 

In this thesis, we use two methods to evaluate the performance of a classifier: hold-out 

method and 10-fold cross-validation. 

 

To estimate the performance of a classifier using the hold-out method, we need to divide 

the data into two sets: a training set and test set. The classifier is built on the training set. 

The built classifier is then used to predict the labels of instances in the test set. The error 

on the test set is recorded. 

 

To estimate the accuracy using k-fold cross-validation, the data is divided randomly into 

10 exclusive subsets (each subset is called a fold). Each fold is in turn used as the test set 

and the collection of the remaining nine (9) folds is used as the training set. A classifier is 

built on each training set and tested using the corresponding test data. Consequently, we 

end up with 10 classifiers and the average performance of them yields a cross-validation 

estimate of the performance accuracy.  

 

To decide whether a predictive model is robust or good enough for our classification 

tasks, accuracy alone is typically not enough to make this decision. The performance of 

classification in this thesis is quantified using the following performance measures: 

accuracy, precision, recall, Area Under ROC Curve (AUC). Before defining the last three 

measurements, we first introduce the following concepts that form the basis for these 
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measurements. Assume the class set contains two labels: positive and negative. Given a 

classifier and an instance, there are four (4) possible outcomes: 

 

• True positive (TP): the instance is positive, and it is classified as positive. 

• False negative (FN): the instance is positive, and it is classified as negative. 

• True negative (TN): the instance is negative, and it is classified as negative. 

• False positive (FP): the instance is negative, and it is classified as positive. 

 

Table 3.1 Truth table confusion matrix 

 
Actual value 

Positive Negative 

Prediction 

outcome 

Positive True Positive (TP) False Positive (FP) 

Negative False Negative (FN) True Negative (TN) 

 

Accuracy is defined as the probability of correctly classifying a test instance: 

Accuracy =
TP + TN

Total number of instances
 

 

Precision is called positive predictive value, and computed as: 

Precision =
TP

TP + FP
 

 

Recall is also referred to true positive rate and computed as: 

Recall =
TP

TP + FN
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AUC 

Given a test set, the true positive rate (tp rate) of a classifier is computed as TP/(TP+FN), 

and the false positive rate (fp rate) is computed as FP/(FP+TN). A ROC (Receiver 

Operating Characteristic curve) graph is defined as a two-dimensional graph in which the 

tp rate is plotted on the Y axis and the fp rate is plotted on the X axis (Fawcett, 2006). As 

one of the most complete performance measures for the prediction of a binary variable, 

ROC measures tp rate and fp rate at all possible thresholds in a binary prediction. It 

depicts relative trade-offs between true positives and false positives. When the classifier 

is a discrete classifier (e.g., decision trees, KNN), it produces one (fp rate, tp rate) pair 

corresponding to a single point in the ROC graph. When the classifier is a scoring or 

probabilistic classifier (e.g., logistic regression, SVM, Naïve Bayes), the outcome 

corresponds to a curve in the ROC graph.   

 

To compare the performance of different learning methods we need to reduce the ROC 

performance to a single scalar representation. To this end, the notion of the area under the 

ROC curve (AUC) was introduced by Bradley (1997). AUC represents the probability 

that a randomly chosen positive class instance will be ranked higher by a scoring 

classifier than a randomly chosen negative class (Bradley, 1997; Fawcett, 2006). The 

random guessing scoring classifier corresponds to an AUC value equal to 0.5. Any 

realistic classifier should have an AUC higher than 0.5 and the higher the AUC is, the 

better the classifier performs.    
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4   Experiment and results 

4.1 Experiment environment and setup 

The classification results and their analyses were obtained using R 3.3.2 and SAS 9.4. For 

Logistic Regression and Naïve Bayes, we employ the Logistic classifier provided by the 

glm() and e1071 and klaR package for Naïve Bayes. For Support Vector Machine, we use 

the e1071 and kernlab packages. For the Decision Trees, we use the library rpart and tree 

in R and Rweka package for C4.5. SAS statistical routines are used for conducting the 

comparative analyses of results.  

 

4.2 Results 

The experiments are divided into two parts. In the first part, we compare the performance 

of five (5) algorithms: logistic regression, SVM, Naïve Bayes, KNN and C4.5. The 

performances of these classifiers are evaluated in terms of accuracy, precision, recall, and 

AUC using the hold-out method repeated 50 times. In the second part, we repeat the same 

experiments for two ensemble classifiers- Bagging and Boosting- in which the 

aforementioned five (5) single classifiers are employed as base classifiers. The 

performances are evaluated using 10-fold cross-validation. 
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4.2.1 Single classifier 

4.2.1.1 Parameter setting  

In this subsection, we show the performance of single classifiers.  

 

Logistic regression  

As shown in the confusion matrix (Table 4.1) above, this algorithm does not perform 

very well on our data set, showing 45.8% mean accuracy. Here we see that users from the 

upper SES class are better classified than those from the other two classes. The precision 

and recall per class are presented in the extensions of the confusion matrix (62.7%, 

29.5%, and 37.7% precision for upper, middle, and lower SES classes; 51.4%, 41.2%, 

and 37.9% recall for upper, middle, and lower SES classes) 

 

Table 4.1 The cumulative confusion matrix for the classification task using LR. 

The columns (T1/T2/T3) represent the actual target SES class labels (upper/middle/lower) and the rows 

(O1/O2/O3) contain prediction outcome ones. The precision and recall for each class are shown in row and 

column extensions represented by P and R. 

 T1 T2 T3 P 

O1 365 113 104 62.7% 

O2 222 131 91 29.5% 

O3 123 74 119 37.7% 

R 51.4% 41.2% 37.9% 45.8% 
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The ROC graphs for a binary classifier (one against others) are displayed in Figure 4.1 – 

Figure 4.3, where the X axis stands for False Positive Rate (fp rate) and the Y axis 

presents the True Positive Rate (tp rate). With an average AUC of 0.607, the performance 

of LR is better than randomly guessing (AUC = 0.5).  

 

 

 

Figure 4.1 ROC plot of upper class vs. others classes for LR.  

(Blue to Orange represents Threshold 0 to 1) 
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Figure 4.2 ROC plot of middle class vs. others classes for LR.  

(Blue to Orange represents Threshold 0 to 1)  

 

 

 

 

Figure 4.3 ROC plot of lower class vs. others classes for LR.  

(Blue to Orange represents Threshold 0 to 1) 

 

tp
 r

at
e

 
tp

 r
at

e
 

fp rate 

fp rate 



 

33 

 

 

SVM 

Radial basis function (RBF) is first used as the kernel of SVM for our data set, with the 

parameter setting cost = 100, gamma = 0.001. The confusion matrix is given in Table 4.2. 

Then The percentage of correctly classified instances is 70.8%. The precision for upper, 

middle, and lower SES class is 73.4%, 71.4%, and 63.0% respectively; the recall is 

87.2%, 44.7%, and 60.2% for each class level. The AUC of this learning method is very 

good with an average of 0.854, as shown in the ROC graphs (Figure 4.4 – Figure 4.6). 

 

Table 4.2 The cumulative confusion matrix for the classification task using SVM. 

The columns (T1/T2/T3) represent the actual target SES class labels (upper/middle/lower) and the rows 

(O1/O2/O3) contain prediction outcome ones. The precision and recall for each class are shown in row and 

column extensions represented by P and R. 

 T1 T2 T3 P 

O1 619 123 101 73.4% 

O2 33 142 24 71.4% 

O3 58 53 189 63.0% 

R 87.2% 44.7% 60.2% 70.8% 
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Figure 4.4 ROC plot of upper class vs. others classes for SVM.  

(Blue to Orange represents Threshold 0 to 1) 

 

 

Figure 4.5 ROC plot of middle class vs. others classes for SVM. 

 (Blue to Orange represents Threshold 0 to 1) 
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Figure 4.6 ROC plot of lower class vs. others classes for SVM.  

 (Blue to Orange represents Threshold 0 to 1) 

 

 

Table 4.3 gives a simple comparison of the accuracy of SVMs using different kernels 

(RBF, Linear, Polynomial, Sigmoid, and PRBF). The RBF kernel shows the best 

performance on our data set because the radial kernel is very local and concentrated and 

can build complex regions in the feature space. The linear kernel function ranks second 

because of the high dimension of our data set. 

 

Table 4.3 Accuracy of SVM with kernels 

kernels Radial basis 

(gamma=0.001) 

linear Polynomial 

(d=3) 

Sigmoid 

(coef0 = 0) 

Polynomial 

radial basis 

Accuracy 71.94% 64.07% 54.40% 49.01% 55.22% 
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Naïve Bayes  

From the confusion matrix for NB (Table 4.4) (using naiveBayes method in the e1071 

package or NaiveBayes method in the klaR package with default setting: a normal density 

is estimated), the total accuracy of classification for this algorithm is 61.5%, with 77.4%, 

43.6%, 51.9% precision and 67.6%, 49.1%, 60.2% recall for the upper class, middle class, 

and lower class respectively. While using a kernel density estimator for density 

estimation in this algorithm, the correctly classified instances increase to 65.1% presented 

in Table 4.5. 

 

Table 4.4 The cumulative confusion matrix for the classification task using NB (default). 

The columns (T1/T2/T3) represent the actual target SES class labels (upper/middle/lower) and the rows 

(O1/O2/O3) contain prediction outcomes. The precision and recall for each class are shown in row and 

column extensions represented by P and R. 

 T1 T2 T3 P 

O1 480 83 57 77.4% 

O2 134 156 68 43.6% 

O3 96 79 189 51.9% 

R 67.6% 49.1% 60.2% 61.5% 
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Table 4.5 The cumulative confusion matrix for the classification task using NB (kernel estimator). 

The columns (T1/T2/T3) represent the actual target SES class labels (upper/middle/lower) and the rows 

(O1/O2/O3) contain prediction outcome ones. The precision and recall for each class are shown in row and 

column extensions represented by P and R. 

 T1 T2 T3 P 

O1 556 119 86 73.1% 

O2 52 121 32 59.0% 

O3 102 78 196 52.1% 

R 78.3% 38.1% 62.4% 65.1% 

 

 

KNN 

𝑘 represents the number of neighbors that influence the classification. If 𝑘 = 1, the 

algorithm then is called the Nearest Neighbor algorithm. A small value of 𝑘 means that in 

this case the noise will have a high impact on the result, while a large value of 𝑘 will lead 

to an expensive computation. As can be seen in Table 4.6, the accuracy rate for KNN has 

been improved by altering the value of 𝑘. We choose 𝑘 = 3 for the following 

experiments due to computational efficiency. The ROC curves present the AUCs of this 

algorithm, with an average of 0.728 (Figure 4.7– Figure 4.9). 

 

Table 4.6 Accuracy of KNN with different values of k 

 k=1 k=3 k=5 k=7 k=10 k=11 k=12 k=13 k=17 k=20 k=21 

ACC (%) 51.9 56.6 57.1 57.9 59.5 60.4 60.3 59.6 59.5 60.8 60.5 
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Figure 4.7 ROC plot of upper class vs. others classes for KNN.  

(Blue to Orange represents Threshold 0 to 1)  

 

 

Figure 4.8 ROC plot of middle class vs. others classes for KNN.  

(Blue to Orange represents Threshold 0 to 1) 
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Figure 4.9 ROC plot of lower class vs. others classes for KNN.  

(Blue to Orange represents Threshold 0 to 1) 

 

C 4.5 

Table 4.7 The cumulative confusion matrix for the classification task using C4.5. 

The columns (T1/T2/T3) represent the actual target SES class labels (upper/middle/lower) and the rows 

(O1/O2/O3) contain prediction outcome ones. The precision and recall for each class are shown in row and 

column extensions represented by P and R. 

 T1 T2 T3 P 

O1 483 109 111 68.7% 

O2 128 157 60 45.5% 

O3 99 52 143 48.6% 

R 68.0% 49.4% 45.5% 58.3% 
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As can be seen in Table 4.7, the correctly classified instances for C4.5 are 58.3%. For 

OSN users in the upper class, classification precision of 68.0% exceeds that of 49.4% for 

middle SES OSN uses and 45.5% for lower SES OSN users. The similarity is found in 

recalls. In this study, we consider only C4.5 because it allows both binary and multi-

classes classifications. It performs better on our data set than CART.  

 

4.2.1.2 Compare the performance of five single classifiers 

We compare the performance of five (5) single classifiers: LR, SVM, NB, KNN, and 

C4.5 because each algorithm has its assumptions, strengths, and weaknesses. 

Experiments are conducted on the original data set and five (5) reduced-dimensional data 

sets. The reduced-dimensional data set are generated by applying Principal Component 

Analysis (PCA) on the original data. The data sets are described in Table 4.8 below.  

 

Table 4.8 Description of data sets used in the experiments 

Data set Variance covered Dimension  

Original data 1.00 1291 

PCA (0.9) 0.90 572 

PCA (0.8) 0.80 416 

PCA (0.7) 0.70 299 

PCA (0.6) 0.60 225 

PCA (0.5) 0.50 158 
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Table 4.9 Accuracy of LR, SVM, NB, KNN and C4.5 

Accuracy LR SVM NB KNN C4.5  

Original data 46.79% 71.65%  61.02%  57.70%  57.66%  

PCA (0.9) 59.82% 67.48%  43.63%  52.92%  50.05%  

PCA (0.8) 55.49% 66.96%  43.49%  55.90% 50.83%  

PCA (0.7) 59.97% 66.74%  44.30%  56.29% 50.75% 

PCA (0.6) 65.54% 65.56% 43.57%  59.36%  50.77%  

PCA (0.5) 68.07%  64.71%  44.90%  61.86%  51.23%  

 

Accuracy is a simple measure which is well suited for assessing multi-label classification 

and well-balanced data. As shown in Table 4.9, the accuracy of LR grows as the 

dimension of the data drops down (the accuracy grows from 46.79% to 68.07%, while the 

dimension drops from 1291 to 158). This is because LR is a rather simple algorithm, and 

thus it is more suitable for low-dimensional data. A similar pattern can be also found for 

KNN. It achieves the best result (an accuracy of 61.86%) when the dimension of input 

data reduces to only 158. It is because in a very high dimensional space the pair-wise 

Euclidean distances between points can be misleading.  

 

On the contrary, the accuracies of SVM, NB, and C4.5 decrease as the dimension of the 

data decreases (e.g., the accuracy of SVM drops from 71.65% to 64.71% as the 

dimension of the data is reduced to 158). This is because of the information loss caused 

by dimension reduction, i.e., the original data provide more useful information to train 

these classifiers.  
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For the original data set with all the information included, SVM achieves the highest 

accuracy at 71.65%, which is 10% more than for the other four (4) classifiers. This 

outcome indicates that SVM is a strong classifier and is able to handle a high-

dimensional data set. NB occupies the second place with an accuracy of 61.02%, 

followed by KNN (57.70%) and C4.5 (57.66%). The accuracy of LR is the lowest at 

46.79%.   

 

For PCA with 0.9 variance covered, the accuracy of SVM is still the highest but 

decreases to 67.48%. The same trend can be found in KNN and C4.5 (7% less than that 

trained on the original data). NB shows a significant reduction of around 20%. This is 

evidence that NB performs well with complete information and that the accuracy declines 

fast in case of information loss due to reduced dimensionality. However, for LR, the 

accuracy increases to 59.82%. This result indicates that LR performs better for low 

dimensional data sets.  

 

When considering data with 0.6 variance covered (225 features), LR and SVM show 

almost the same accuracy of around 65.55% while the other three algorithms NB, KNN, 

C4.5 perform considerably worse, at 43.57%, 59.36%, and 50.77% respectively. 

 

At 0.5 variance covered, the performance of LR is the best among all the classifiers, at 

68.07%. NB results in the lowest accuracy, only 44.90%, followed by C4.5 with 51.23% 

accuracy. SVM and KNN have similar classification accuracy, at 64.71% and 61.86% 

respectively. 
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Table 4.10 Precision of LR, SVM, NB, KNN and C4.5 

Precision LR SVM NB KNN C4.5  

Original data 0.62 0.74  0.77  0.65  0.67  

PCA (0.9) 0.76 0.70  0.60  0.57  0.63  

PCA (0.8) 0.74 0.72  0.61  0.63  0.63  

PCA (0.7) 0.75 0.73 0.63  0.67  0.63  

PCA (0.6) 0.77 0.73  0.65  0.69  0.63  

PCA (0.5) 0.77 0.74 0.68  0.72  0.64  

 

 

As is shown in Table 4.10, the precision of LR is the lowest for the original data, but it 

sharply rises from 0.62 to 0.76 as the dimension of the data is reduced to half of the 

original dimension. Further dimension reduction seems to have little effect since it 

remains around 0.77. The precision of SVM appears insensitive to dimension reduction, 

i.e., it stays at 0.7 with small fluctuations. NB achieves the highest precision for the 

original data set, and drops after dimension reduction. The precision of KNN grows as 

the dimension decreases. C4.5 does not provide very promising precision for these data 

sets. 
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Table 4.11 Recall of LR, SVM, NB, KNN and C4.5 

Recall LR SVM NB KNN C4.5 

Original data 0.52 0.89  0.68  0.79  0.70  

PCA (0.9) 0.67 0.87  0.51  0.83  0.62  

PCA (0.8) 0.61 0.84  0.50  0.77  0.64 

PCA (0.7) 0.66 0.82  0.49  0.73 0.64 

PCA (0.6) 0.75 0.80  0.46  0.75 0.64  

PCA (0.5) 0.78 0.77 0.46  0.76 0.64  

 

 

According to Table 4.11, the recall of classifiers generally declines as dimensionality 

decreases the only exception being for LR. The recall of LR rises from the lowest level 

(0.52) to the highest level (0.78). SVM outperforms other algorithms most of the time. 

The advantage is most visible for the original data set, where SVM achieves a recall of 

0.89. The recall of SVM drops slowly as the dimension decreases, and even results in  

fairly high recall (0.77) for the PCA (0.5) set. A similar situation happens for KNN, i.e., 

it has a good performance (more than 0.73 for all cases) for recall. NB and C4.5 only 

perform well on the original data set and both decrease markedly when applied on 

reduced-dimensional data sets. To summarize, recall suffers with dimension reduction. In 

high dimension, SVM provides the most promising recall.  
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Table 4.12 AUCs of LR, SVM, NB, KNN and C4.5 

AUC LR SVM NB KNN C4.5 

Original data 0.60 0.77  0.77  0.73  0.66  

PCA (0.9) 0.77  0.73  0.61  0.70 0.60  

PCA (0.8) 0.73 0.73 0.61  0.70 0.61 

PCA (0.7) 0.77 0.74 0.62  0.74 0.61  

PCA (0.6) 0.83 0.74  0.63  0.76  0.61  

PCA (0.5) 0.84 0.74  0.65  0.79  0.61  

 

Table 4.12 shows the AUCs of the five (5) classifiers. For LR and KNN, the AUCs 

generally grow as the dimension decreases. Especially for LR, the AUC increases steeply 

from 0.60 to 0.84. The AUCs for SVM, NB, and C4.5 decrease slightly at the beginning 

(i.e., when the number of dimensions reduces to half of the original dimension), then the 

AUCs level off. This result indicates that AUCs of SVM, NB, and C4.5 are not sensitive 

to dimension reduction.  

 

Computational efficiency is an important criterion to evaluate a learning method. It 

implies the applicability of classifiers. For example, a classifier that involves a huge 

computational overhead can hardly be applied to big data. In the next table (Table 4.13), 

we compare the computing time for each of the five (5) classifiers. 
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Table 4.13 Computing time of LR, SVM, NB, KNN and C4.5 

Time 

（seconds） 

LR SVM 

 

NB KNN C4.5  

Original data 59.31 17.45 1.24 15.61 2.59 

PCA (0.9) 26.15 16.83 0.55 9.66 0.97 

PCA (0.8) 9.27 12.27 0.38 6.2 0.66 

PCA (0.7) 2.66 11.87 0.27 4.79 0.49 

PCA (0.6) 1.94 8.99 0.26 3.47 0.35 

PCA (0.5) 0.99 5.17 0.16 2.35 0.24 

 

When using the original data, LR takes on average 59.31 seconds due to the complexity 

of solving the optimization problem for such high-dimensional data. When the number of 

dimensions reduces, the computing time decreases significantly. SVM takes an average 

of 17.45 seconds for the original data set and decreases steadily when dimension 

reduction occurs. Similarly, KNN runs 15.61 seconds for the original data and falls to 

2.35 which is considerably longer than LR, NB and C4.5. NB and C4.5 run very fast even 

for the original high-dimensional data and NB is the fastest for all cases. 
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Figure 4.10 Line chart of performance measures for five algorithms on original data 

 

Table 4.14 Comparison of performance measures by descending orders on original data 

Original data      

Accuracy SVM NB KNN C4.5 LR 

Precision NB SVM C4.5 KNN LR 

Recall SVM KNN C4.5 NB LR 

AUC SVM/NB / KNN  C4.5 LR 

Time NB C4.5 KNN SVM LR 
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Figure 4.11 Line chart of performance measures for five algorithms on data PCA 0.9 

 

 

Table 4.15 Comparison of five performance measures by descending orders on data PCA 0.9 

Data PCA (0.9)      

Accuracy SVM LR KNN C4.5 NB 

Precision LR SVM C4.5 NB KNN 

Recall SVM KNN LR C4.5 NB 

AUC LR SVM KNN  NB C4.5 

Time NB C4.5 KNN SVM LR 
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Table 4.14, Figure 4.10 and Table 4.15, Figure 4.11 sort the results of five (5) 

performance measures on original data and data after dimension reduction with 0.9 

variance covered respectively by descending orders. As shown in the graphs above, the 

outcomes demonstrate that both SVM and NB have good performance on the original 

data set and are suitable for the high-dimensional data. For the data set with 0.9 variance 

covered, LR shows its advantages on lower-dimensional data and SVM still has stable 

performance. But considering computing time, SVM and LR still show weakness owing 

to their complexity. In the following section, we statistically analyze these results to 

determine statistical significance. 

 

4.2.2 Analysis 

4.2.2.1 MANOVA 

Multivariate analysis of variance (MANOVA) is a statistical procedure used to identify 

significant differences among the experimental treatments. In this thesis, in order to 

obtain a more accurate sense of the effect of the algorithms on the different performance 

measures, MANOVA is performed on the data obtained by applying the 5 (k) algorithms 

(LR, SVM, NB, KNN, C4.5) on the same data set. We use hold-out method repeated 50 

(n) times randomly drawing a sample of 10% of the data set each time. For each of the 5 

algorithms, we obtain 50 observations for each of four (4) performance measures 

(accuracy, precision, recall, AUC). Thus, our analysis is on a data set with a total of 250 

(nk) observations.  
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In this analysis, treatments and response variables are denoted as: 

experimental treatments = algorithms (LR, SVM,NB, kNN, C4.5) 

response variables = performance measures (accuracy, precision, recall, AUC) 

 

The means procedure in SAS is displayed in the following table, and shows means along 

with standard deviations and the values of minimum and maximum. 

 

Table 4.16 Means procedure of response variables for each treatment 
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The models for each performance measure (response variable) are defined as: 

{
 

 
𝑌1 = 𝜇 + 𝜏𝑖 + 𝜀𝑖,

    𝑌2 = 𝜇
0 + 𝜏𝑖

0 + 𝜀𝑖
0,

  𝑌3 = 𝜇′ + 𝜏𝑖
′ + 𝜀𝑖

′,

   𝑌4 = 𝜇
∗ + 𝜏𝑖

∗ + 𝜀𝑖
∗,

 

  ⅈ = 1,2,3,4,5 

where 𝑌1,  𝑌2,  𝑌3, 𝑌4 are the vectors (250×1) representing accuracy, precision, recall and 

AUC, respectively, for each of the 5 algorithms. Here the parameter vector 𝜇, 𝜇0, 𝜇′, 𝜇∗ 

is an overall mean, and 𝜏𝑖, 𝜏𝑖
0, 𝜏𝑖

′, 𝜏𝑖
∗ represent the effect of algorithm ⅈ for accuracy, 

precision, recall and AUC and all error terms and in general, 𝜀𝑖, 𝜀𝑖
0, 𝜀𝑖

′, 𝜀𝑖
∗ ∼ 𝑁(0, Σ). 

 

For each response variable, we have 250 observations, consisting of 50 outcomes for 

each of 5 algorithms. Table 4.16 details the value of the mean, standard deviation, 

minimum and maximum for each performance measure by algorithm.  

 

The basic statistical model is that the values of each response variable can be written as:  

𝐘 = 𝐗𝛃 + 𝛆 

 

Y is the 250×4 matrix of vectors 𝑌1,  𝑌2,  𝑌3, 𝑌4, and X is a 250×5 design matrix for 𝛃 

(5×4). 𝛆 denotes a 250×4 matrix compositing by vectors  𝜀𝑖, 𝜀𝑖
0, 𝜀𝑖

′, 𝜀𝑖
∗. We can also 

write the model as follows: 
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[
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
𝑦1,1 𝑦2,1 𝑦3,1 𝑦4,1
⋮ ⋮ ⋮ ⋮

𝑦1,50 𝑦2,50 𝑦3,50 𝑦4,50
𝑦1,51 𝑦2,51 𝑦3,51 𝑦4,51
⋮ ⋮ ⋮ ⋮

𝑦1,100 𝑦2,100 𝑦3,100 𝑦4,100
𝑦1,101 𝑦2,101 𝑦3,101 𝑦4,101
⋮ ⋮ ⋮ ⋮

𝑦1,150 𝑦2,150 𝑦3,150 𝑦4,150
𝑦1,151 𝑦2,151 𝑦3,151 𝑦4,151
⋮ ⋮ ⋮ ⋮

𝑦1,200 𝑦2,200 𝑦3,200 𝑦4,200
𝑦1,201 𝑦2,201 𝑦3,201 𝑦4,201
⋮ ⋮ ⋮ ⋮

𝑦1,250 𝑦2,250 𝑦3,250 𝑦4,250]
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

=

[
 
 
 
 
 
 
 
 
 
 
 
 
 
 
1 1 0 0 0
⋮ ⋮ ⋮ ⋮ ⋮
1 1 0 0 0
1 0 1 0 0
⋮ ⋮ ⋮ ⋮ ⋮
1 0 1 0 0
1 0 0 1 0
⋮ ⋮ ⋮ ⋮ ⋮
1 0 0 1 0
1 0 0 0 1
⋮ ⋮ ⋮ ⋮ ⋮
1 0 0 0 1
1 -1 -1 -1 -1
⋮ ⋮ ⋮ ⋮ ⋮
1 -1 -1 -1 -1]

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

[
 
 
 
 
 
𝜇 𝜇0 𝜇′ 𝜇∗

𝜏1 𝜏1
0 𝜏1

′ 𝜏1
∗

𝜏2 𝜏2
0 𝜏2

′ 𝜏2
∗

𝜏3 𝜏3
0 𝜏3

′ 𝜏3
∗

𝜏4 𝜏4
0 𝜏4

′ 𝜏4
∗]
 
 
 
 
 

+ 𝛆 

 

We obtain all of the multivariate tests from the SAS GLM procedure. We test all the 

main effects of the experimental treatments (factors) LR, SVM, NB, KNN, C4.5. All of 

the multivariate test results for each effect that SAS offers are shown in the following 

section. The first sub-table in Table 4.17 displays the elements of the error matrix, called 

the Error Sums of Squares and Cross Products (SSCP) matrix. The diagonal elements of 

this matrix are the error sums of squares from the corresponding univariate analyses. The 

analysis also gives the partial correlation matrix associated with the E matrix (see Table 

4.17). All measures are strongly correlated; the strongest correlation (r = 0.838) is 

between precision and AUC; the weakest one (r = 0.455) is between recall and precision. 
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Table 4.17 The GLM Procedure MANOVA_1 
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The SSCP matrix for treatments is shown in Table 4.18. It gives the Type III H matrix 

where diagonal elements are the model sums of squares for the corresponding univariate 

analyses.  

 

The characteristic root is the square root of an eigenvalue. From Table 4.18, we can see 

the first root accounts for 57.81% of the variability in the effect of treatments which in 

our case are algorithms. The rows of this table describe the characteristic vector i.e. 

eigenvector of each root. This table shows which variables are influenced most by the 

algorithm choice. From this, we see that accuracy and precision have the largest 

magnitudes. Note that no response loading is zero which means that no variable is 

completely redundant.  

 

The next portion of this table provides the test results for the algorithm (i.e. treatment) 

effect. SAS produces four (4) test statistics: Wilks’ Lambda, Pillai’s Trace, Hotelling-

Lawley Trace, and Roy’s Greatest Root for testing overall s effect of algorithms, based 

on the characteristic roots and vectors of 𝐄-1𝐇. As a good general choice, we consider the 

F test based on Wilks’ Lambda; it has a F value of 130.08 with 16 and 740 degrees of 

freedom. The p-value is <0.0001, indicating an overall highly significant difference at the 

level of 0.05. Hence, the 𝐻0: 𝛃 = 𝟎 can be rejected and the overall effects on the 

performance measures due to the different algorithms are not all the same. 
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Table 4.18 The GLM Procedure MANOVA_2 
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4.2.2.2 ANOVA 

Separate univariate ANOVAs are then employed to analyze the same data set for each of 

the performance measures (i.e. the dependent variables).  

 

Each model can be written as: 

𝑌𝑖𝑗 = 𝜇 + 𝜏𝑖 + 𝜀𝑖𝑗,     ⅈ = 1,2,3,4,5    𝑗 = 1,2, … , 𝑛𝑖 

where ∑ 𝑛𝑖𝜏𝑖
5
𝑖=1 = 0, and 𝜀𝑖𝑗 ⅈ. ⅈ. 𝑑~𝑁(0, 𝜎

2).  

 

Thus, for each performance measure, we first begin by testing whether there is any 

difference due to the five (5) classification algorithms. i.e. the test of hypothesis becomes: 

 𝐻0: 𝜏1 = 𝜏2 = 𝜏3 = 𝜏4 = 𝜏5 

against 

𝐻𝑎: at least one of 𝜏𝑖 is different. 

 

In matrix notation, we have: 

𝑌1 = 𝑋1𝜷+ 𝜺𝟏 
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[
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
𝑦1,1
⋮

𝑦1,50
𝑦1,51
⋮

𝑦1,100
𝑦1,101
⋮

𝑦1,150
𝑦1,151
⋮

𝑦1,200
𝑦1,201
⋮

𝑦1,250]
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

=

[
 
 
 
 
 
 
 
 
 
 
 
 
 
 
1 1 0 0 0
⋮ ⋮ ⋮ ⋮ ⋮
1 1 0 0 0
1 0 1 0 0
⋮ ⋮ ⋮ ⋮ ⋮
1 0 1 0 0
1 0 0 1 0
⋮ ⋮ ⋮ ⋮ ⋮
1 0 0 1 0
1 0 0 0 1
⋮ ⋮ ⋮ ⋮ ⋮
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Box-plots of dependent variables present the difference between different algorithms (i.e. 

experimental treatments) (Figure 4.12 – 4.15). As can be seen from ANOVAs in Table 

4.19, Table 4.21, Table 4.23, Table 4.25, the F values and p-values (< α = 0.05) indicate 

that the effects of algorithms treatments are not all the same for each performance 

measures (dependent variables) individually.  

 

More specifically, for accuracy (Table 4.19), F = MSt/MSe = 239.60 (p-value < 0.0001), 

we reject H0, thus the accuracies of the five (5) algorithms are not all the same. R square 

= 6.7648/8.4941 = 0.7964 means that 79.64% of the variance of accuracy can be 

explained by this model. And the standard error of the accuracy (√MSe) is 0.0840. The 

coefficient of variance C.V = Root MSE/ accuracy Mean = 0.0840/1.7542 *100 = 4.79. 

Table 4.20 presents Duncan’s multiple range test for the 5 classifiers for response 
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variable accuracy. KNN and C4.5 are not significantly different. In terms of accuracy, the 

best algorithm is SVM, and NB takes the second place. 

 

For precision in Table 4.21, F value is 107.75 with p-value (Pr > F) < 0.0001 shows the 

average precision is not constant across the five (5) classifiers. The model here can 

explain 63.76% of the variance in precision with standard error 0.0901 and coefficient of 

variance 4.5873. From Duncan’s test (Table 4.22) we can conclude that all the treatments 

are significantly different. Among the five (5) algorithms, NB is the best, followed by 

SVM.   

 

In terms of recall, again conclude that average recall is not constant across all 5 classifiers, 

as F value is 288.12 and probability > F is smaller than 0.0001, shown in Table 4.23.  The 

model in the GLM procedure can explain 82.47% of the variance in recall, with 

coefficient of variance 6.4616 and standard error 0.1315. Duncan’s test in Table 4.24 

indicates that C4.5 and NB are not significantly different. SVM ranks first again followed 

by KNN. 

 

For AUC, F value of 153.13 and p-value 0.0001 presented in Table 4.25 demonstrate that 

this measure does not remain constant across all 5 algorithms. R square is equal to 0.7143, 

showing the proportion of variance in AUC that is explained by the model with a 

standard error of 0.0925. From Duncan’s test results (Table 4.26), NB and SVM do not 

give significantly different AUC values. 
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Figure 4.12 Box-plot of accuracy for each treatment 

 

Table 4.19 ANOVA_accuracy 
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Table 4.20 Duncan’s Multiple Range Test for accuracy 
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Figure 4.13 Box-plot of precision for each treatment 

 

Table 4.21 ANOVA_precision 
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Table 4.22 Duncan’s Multiple Range Test for precision 
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Figure 4.14 Box-plot of recall for each treatment 

 

Table 4.23 ANOVA_recall 
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Table 4.24 Duncan’s Multiple Range Test for recall 
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Figure 4.15 Box-plot of AUC for each treatment 

 

Table 4.25 ANOVA_AUC 
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Table 4.26 Duncan’s Multiple Range Test for AUC 
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4.2.2.3 Summary 

The aforementioned statistical analyses reinforce conclusions discussed in Chapter 4.2.1. 

The five (5) algorithms for different performance measures show statistically 

significantly differences. In general, when computing time is not considered, both SVM 

and NB are the best choices for our high-dimensional Twitter data, and achieve the 

highest accuracy, precision, recall and AUC. LR is more suitable for low-dimensional 

data, similarly with KNN. 

 

The estimates of each algorithm effect for accuracy, precision, recall, and AUC are 

presented in Table 4.27 – Table 4.30, by setting effect of LR as the criterion. For all the 

models, every algorithm has a positive effect when compared to LR. For accuracy, 

precision and AUC, estimates based on SVM and NB suggest these two algorithms are 

considered to be a better choice when doing classification of SES of Twitter users. Only 

when talking about recall does KNN occupies NB’s place but SVM is still the best choice. 

Thus, it can be concluded that both SVM and NB have a good performance on our data 

set while SVM is more stable and powerful. 
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Table 4.27 Parameter estimates for accuracy 

 

Table 4.28 Parameter estimates for precision 

 

Table 4.29 Parameter estimates for recall 
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Table 4.30 Parameter estimates for AUC 

 

 

 

4.2.3 Ensemble methods 

We first repeat the same experiments for Bagging and Boosting, where the 

aforementioned five (5) single classifiers are treated as base classifiers. It is demonstrated 

that by using the ensemble methods (i.e. Bagging and Adaboost), the accuracy of the 

algorithms that have weaker performance (i.e. when LR and C4.5 are applied on high-

dimensional data set in Table 4.31 and Table 4.35) are enhanced much more than the 

other classifiers that have better performances when applied separately. The accuracy of 

those stronger classifiers has a slight increase or even a slight decrease when using 

ensemble methods. However, the enhancements are not as evident with dimension 

reduction employed. Similar patterns for precision, recall, and AUC are displayed in 

Table 4.32-4.34, and 4.36-4.38. 
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Table 4.31 The Accuracy of Bagging compared with single classifiers.  

Each cell contains accuracy value of Bagging/single classifier. 

Accuracy 

(%) 

Bagging 

(LR) 

Bagging 

(SVM) 

Bagging 

(NB) 

Bagging  

(KNN) 

Bagging  

(C4.5)  

Original data 62.14/46.79 70.12/71.65  64.83/61.02  57.83/57.70  69.08/57.66  

PCA (0.9) 64.82/59.82 68.48/67.48  44.49/43.63  54.99/52.92  60.13/50.05  

PCA (0.8) 65.65/55.49 69.82/66.96  43.44/43.49  58.42/55.90 59.83/50.83  

PCA (0.7) 63.27/59.97 68.18/66.74  44.48/44.30  59.76/56.29 61.70/50.75 

PCA (0.6) 64.16/65.54 67.88/65.56 43.74/43.57  59.32/59.36  62.67/50.77  

PCA (0.5) 67.44/68.07  66.02/64.71  44.26/44.90  58.86/61.86  62.36/51.23  

 

 

 

Table 4.32 The Precision of Bagging compared with single classifiers.  

Each cell contains precision value of Bagging/single classifier. 

Precision Bagging 

(LR) 

Bagging 

(SVM) 

Bagging 

(NB) 

Bagging  

(KNN) 

Bagging  

(C4.5)  

Original data 0.72/0.62 0.72/0.74  0.77/0.77  0.67/0.65  0.70/0.67  

PCA (0.9) 0.75/0.76 0.69/0.70  0.60/0.60  0.58/0.57  0.64/0.63  

PCA (0.8) 0.78/0.74 0.72/0.72  0.60/0.61  0.67/0.63  0.64/0.63  

PCA (0.7) 0.76/0.75 0.72/0.73 0.62/0.63  0.70/0.67  0.65/0.63  

PCA (0.6) 0.77/0.77 0.72/0.73  0.64/0.65  0.71/0.69  0.66/0.63  

PCA (0.5) 0.78/0.77 0.73/0.74 0.67/0.68  0.72/0.72  0.66/0.64  
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Table 4.33 The Recall of Bagging compared with single classifiers.  

Each cell contains recall value of Bagging/single classifier. 

Recall Bagging 

(LR) 

Bagging 

(SVM) 

Bagging 

(NB) 

Bagging  

(KNN) 

Bagging  

(C4.5)  

Original data 0.74/0.52 0.88/0.89  0.73/0.68  0.76/0.79  0.90/0.70   

PCA (0.9) 0.77/0.67 0.91/0.87  0.54/0.51  0.85/0.83  0.86/0.62  

PCA (0.8) 0.75/0.61 0.90/0.84  0.51/0.50  0.76/0.77  0.86/0.64 

PCA (0.7) 0.72/0.66 0.86/0.82  0.50/0.49  0.71/0.73 0.87/0.64 

PCA (0.6) 0.73/0.75 0.85/0.80  0.47/0.46  0.69/0.75 0.87/0.64  

PCA (0.5) 0.78/0.78 0.81/0.77 0.46/0.46  0.69/0.76 0.85/0.64  

 

 

 

Table 4.34 The AUC of Bagging compared with single classifiers.  

Each cell contains AUC value of Bagging/single classifier. 

AUC Bagging 

(LR) 

Bagging 

(SVM) 

Bagging 

(NB) 

Bagging  

(KNN) 

Bagging  

(C4.5)  

Original data 0.77/0.60 0.83/0.77  0.81/0.77  0.73/0.73  0.83/0.66  

PCA (0.9) 0.81/0.77  0.81/0.73  0.62/0.61  0.68/0.70 0.76/0.60  

PCA (0.8) 0.83/0.73 0.83/0.73 0.63/0.61  0.73/0.70 0.75/0.61 

PCA (0.7) 0.82/0.77 0.83/0.74 0.64/0.62  0.76/0.74 0.76/0.61  

PCA (0.6) 0.83/0.83 0.83/0.74  0.65/0.63  0.77/0.76  0.77/0.61  

PCA (0.5) 0.85/0.84 0.83/0.74  0.66/0.65  0.78/0.79  0.78/0.61  
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Table 4.35 The Accuracy of Boosting compared with single classifiers.  

Each cell contains accuracy value of Boosting/single classifier. 

Accuracy 

(%) 

Boosting  

(LR) 

Boosting 

(SVM) 

Boosting 

(NB) 

Boosting  

(KNN) 

Boosting 

(C4.5)  

Original data 45.74/46.79 69.37/71.65  61.77/61.02  54.40/57.70  65.12/57.66  

PCA (0.9) 60.13/59.82 66.98/67.48  54.03/43.63  50.67/52.92  58.94/50.05  

PCA (0.8) 57.00/55.49 66.69/66.96  50.53/43.49  49.71/55.90 58.49/50.83  

PCA (0.7) 59.02/59.97 67.14/66.74  45.16/44.30  53.88/56.29 57.82/50.75 

PCA (0.6) 66.84/65.54 64.16/65.56 45.60/43.57  51.64/59.36  60.13/50.77  

PCA (0.5) 68.71/68.07  64.90/64.71  45.91/44.90  54.33/61.86  60.81/51.23  

 

 

 

Table 4.36 The Precision of Boosting compared with single classifiers.  

Each cell contains precision value of Boosting/single classifier. 

Precision Boosting  

(LR) 

Boosting 

(SVM) 

Boosting 

(NB) 

Boosting  

(KNN) 

Boosting 

(C4.5)  

Original data 0.63/0.62 0.81/0.74  0.78/0.77  0.66/0.65  0.69/0.67  

PCA (0.9) 0.75/0.76 0.74/0.70  0.64/0.60  0.61/0.57  0.66/0.63  

PCA (0.8) 0.74/0.74 0.75/0.72  0.63/0.61  0.65/0.63  0.65/0.63  

PCA (0.7) 0.75/0.75 0.75/0.73 0.61/0.63  0.71/0.67  0.65/0.63  

PCA (0.6) 0.79/0.77 0.73/0.73  0.65/0.65  0.70/0.69  0.66/0.63  

PCA (0.5) 0.78/0.77 0.74/0.74 0.68/0.68  0.70/0.72  0.67/0.64  
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Table 4.37 The Recall of Boosting compared with single classifiers.  

Each cell contains recall value of Boosting/single classifier. 

Recall Boosting  

(LR) 

Boosting 

(SVM) 

Boosting 

(NB) 

Boosting  

(KNN) 

Boosting 

(C4.5)  

Original data 0.51/0.52 0.78/0.89  0.68/0.68  0.68/0.79  0.82/0.70   

PCA (0.9) 0.68/0.67 0.82/0.87  0.69/0.51  0.66/0.83  0.79/0.62  

PCA (0.8) 0.64/0.61 0.81/0.84  0.61/0.50  0.58/0.77  0.80/0.64 

PCA (0.7) 0.65/0.66 0.81/0.82  0.55/0.49  0.59/0.73 0.78/0.64 

PCA (0.6) 0.76/0.75 0.77/0.80  0.50/0.46  0.57/0.75 0.81/0.64  

PCA (0.5) 0.79/0.78 0.77/0.77 0.47/0.46  0.63/0.76 0.81/0.64  

 

 

 

Table 4.38 The AUC of Boosting compared with single classifiers.  

Each cell contains AUC value of Boosting/single classifier 

AUC Boosting  

(LR) 

Boosting 

(SVM) 

Boosting 

(NB) 

Boosting  

(KNN) 

Boosting 

(C4.5)  

Original data 0.60/0.60 0.87/0.77  0.76/0.77  0.66/0.73  0.79/0.66  

PCA (0.9) 0.77/0.77  0.81/0.73  0.67/0.61  0.62/0.70 0.73/0.60  

PCA (0.8) 0.73/0.73 0.81/0.73 0.64/0.61  0.66/0.70 0.73/0.61 

PCA (0.7) 0.77/0.77 0.80/0.74 0.61/0.62  0.70/0.74 0.73/0.61  

PCA (0.6) 0.79/0.83 0.80/0.74  0.63/0.63  0.70/0.76  0.74/0.61  

PCA (0.5) 0.78/0.84 0.81/0.74  0.64/0.65  0.72/0.79  0.75/0.61  
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4.2.3.1 MANOVA 

We employ MANOVA to measure differences in the four (4) performance measures 

(accuracy, precision, recall, AUC) with a total of 50 observations generated by applying 

the five (5) ensemble algorithms (LR, SVM, NB, KNN, C4.5). For each ensemble 

algorithm (treatment), 10-fold cross-validation is used for generating 10 observations for 

each performance measure (response variable), as shown in Table 4.39, along with means, 

standard deviations and the values of minimum and maximum. 

 

Table 4.39 Means procedure of response variables for each treatment (Bagging) 
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The MANOVA output is displayed in the following tables. The first sub-table in Table 

4.40 presents the SSCP matrix for the ensemble algorithms. The rows of second sub-table 

describe the characteristic vector of each root. The first and second roots account for 

almost all the variability in the effect of ensemble algorithms (69.39% and 29.36% 

respectively). The next part of this table provides the four (4) test statistics of the 

ensemble algorithm effect. For Wilks’ Lambda, we obtain an F value of 10.01 with a p-

value <0.0001 which means that ensemble algorithms do not have the same effect for all 

performance measures; other three test statistics that offer the same proof of significant 

difference. 
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Table 4.40 The GLM Procedure MANOVA (Bagging) 
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4.2.3.2 ANOVA 

We now consider the univariate analyses for each of the performance measures 

(dependent variables). From the Box-plots in Figure 4.16 – 4.19, we find that the methods 

of Bagging based upon five (5) algorithms perform differently for each of the response 

variables. More accurately, the p-values of the four (4) tests presented in Table 4.41, 

4.43, 4.45, 4.47 that are < 0.0001 demonstrate that these five (5) classifiers have a 

significantly different impact on each of these performance measures.   

 

Duncan’s test (Table 4.42) shows that the means for accuracy of Bagging based on C4.5 

and SVM are not significantly different; this also happens for NB and LR. When 

considering precision (Table 4.44), Bagging based on NB is the best while there is no 

obvious difference among LR, SVM, and C4.5; the same is found when comparing C4.5 

with KNN. As shown in Table 4.46, ensembles with C4.5 and SVM are not significantly 

different and the other three have a similar effect as well. Finally, for AUC, SVM, C4.5, 

NB have the best performance and no demonstrated difference (Table 4.48).  
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Figure 4.16 Box-plot of accuracy for each treatment (Bagging) 

 

Table 4.41 ANOVA_accuracy (Bagging) 
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Table 4.42 Duncan’s Multiple Range Test for accuracy (Bagging) 
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Figure 4.17 Box-plot of precision for each treatment (Bagging) 

 

Table 4.43 ANOVA_precision (Bagging) 
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Table 4.44 Duncan’s Multiple Range Test for precision (Bagging) 

 

 

 



 

82 

 

 

Figure 4.18 Box-plot of recall for each treatment (Bagging) 

 

Table 4.45 ANOVA_recall  (Bagging) 
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Table 4.46 Duncan’s Multiple Range Test for recall (Bagging) 
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Figure 4.19 Box-plot of AUC for each treatment (Bagging) 

 

Table 4.47 ANOVA_AUC (Bagging) 
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Table 4.48 Duncan’s Multiple Range Test for AUC (Bagging) 
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4.2.3.3 Summary 

To sum up, we have confirmed statistically that, for different performance measures, 

Bagging based on the five (5) algorithms does not give uniform results. As can be seen in 

Table 4.49 – Table 4.52, unlike with the analyses of single classifiers in Chapter 4.2.2, 

these ensemble classifiers are not all significantly different when compared to the 

baseline ensemble LR (Bagging).  

 

More specifically, when compared to ensemble LR, for accuracy and AUC (Table 4.49 

and Table 4.52), Bagging KNN has a negative effect while the other three (Bagging C4.5, 

Bagging NB, Bagging SVM) all give a positive impact. Among results for accuracy and 

recall, only Bagging with SVM and C4.5 are significant with profound effects, see Table 

4.49 and Table 4.51. On the contrary, as seen in Table 4.50, for precision only Bagging 

NB shows a significant and positive effect compared to Bagging LR. Therefore, without 

considering precision, Bagging SVM and Bagging C4.5 have a good performance on our 

Twitter data and that of Bagging C4.5 has a huge increase in ensemble learning.  

 

Table 4.49 Parameter estimates for accuracy (Bagging) 
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Table 4.50 Parameter estimates for precision (Bagging) 

 

Table 4.51 Parameter estimates for recall (Bagging) 

 

Table 4.52 Parameter estimates for AUC (Bagging) 
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5   Conclusion and future work 

In this thesis, we focus on predicting OSN users’ SES based on the data generated from 

Twitter. To start with, we tailor the parameters of a series of well-known statistical 

machine learning approaches for the classification task, then compare and evaluate these 

algorithms with regards to four (4) performance measures: accuracy, precision, recall, 

and AUC, as one of the main points of our study. 

 

Based on this empirical study, we have obtained comprehensive results demonstrating 

that for our high-dimensional Twitter data set: SVM can be seen as one of the best 

choices as a classifier, as it is robust and performs significantly better than other 

classifiers in almost all the cases. In addition, NB, as another choice for our data set, can 

produce similar results to SVM. Moreover, it has a good balance between performance 

and computing time. We employed ensemble methods with basic single classifiers to 

improve the performance of weaker classifiers and found a notable enhancement, thereby 

suggesting ensemble C4.5 as an optimal choice of ensemble method. In addition, these 

results might provide guidance if we need to analyze similar data (i.e. ONS data) for SES. 

 

This study has drawn a comparison of different classification algorithms applied to OSN 

data. To evaluate the performance of these algorithms on OSN data, a one-way 

MANOVA is run on the original data set. However, based on the results from dimension 
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reduction, taking reduction of dimension into account (i.e. each block is one set of data – 

original or reduced-dimensional) and applying a two-way MANOVA will be undertaken 

to provide a more comprehensive assessment of the learning methods on OSN data. 
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