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ABSTRACT

TEXT CLASSFICATION AND SENTIMENT ANALYSIS IN SOCIAL
NETWORKS USING A PROBABILITY MODEL

Hyeoncheol Lee

In recent years, diverse social networks, such as Facebook, YouTube, and Twitter,
have rapidly grown in size and influence, and a huge amount of data is being generated
from the social networks in real time. Demands for data mining on social networks have
been dramatically increasing, since analyzing the data can yield insights and
understanding to real world phenomenon. However, there are a lot of challenges and
difficulties with data collection, management, and analysis because of the features of the
social networks’ data: large, noisy, and dynamic. Therefore, this study will address the
overall problems with data mining in social networks and improve existing data mining
techniques. We propose an integrated data collection, management and analysis system.
Furthermore, we propose specific analysis methods, such as topic classification,

sentiment analysis, and seed selection algorithm to analyze social networks’ data.
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1. Introduction

In recent years, diverse social networks, such as Facebook, YouTube, and Twitter,
have rapidly grown in size and influence, and they have changed the way people
communicate with each other. With the increasing popularity of online social network
sites, a huge amount of data is being generated from them in real time. Analyzing the data
in social media can yield interesting perspectives to understanding human behavior,
detecting hot topics, identifying influential people, and/or discovering a group or
community[57][58].

Although demands for social network data analysis have been dramatically
increasing, methodologies of data collection, management and analysis are not yet
maturely established because of several reasons. First of all, data volume generated from
social networks has exponentially increased in the last decade. For this reason, an
efficient data crawler that collects a topic’s relevant data became an important task in the
data collection process. Not to mention that enhancing the existing data store and process
of data is essential to handle and analyze a huge amount of data ranging from a few
terabytes to multiple petabytes. Since a lot of online social networks and web sites are
available, collecting data in multiple social networks also has become an essential task.
For these reasons, we propose an integrated data collection and management system that
can efficiently crawl and handle texts documents from multiple social network sources.

The topic model uncovers abstract topics within texts documents [28][29][30], which
is an important task in text analysis in social networks. However, the characteristics of
text documents in social networks are different from traditional text documents, which

makes the topic classification process challenging. The length of the documents is short



in that it ranges from several words to a few sentences. Terminologies in the text
documents are rapidly changing as trends of social networks change. Furthermore, most
of the text documents are unlabeled and unstructured, which also makes the topic model
in online social networks problematic. Thus, we propose a topic classification algorithm,
based on several machine learning algorithms, regarding the features of text documents in
social networks.

Several user-generated text documents in social networks contain users’ emotional
state and mood about topics, such as events, products, and services. These documents can
be used to understand and predict real world phenomenon. Sentiment analysis is used to
extract people’s opinion and knowledge from text documents [17][18]. Recently,
demands for an automated sentiment analysis tool for text documents generated from the
web have dramatically increased and the literature on this topic has been growing.
However, the nature of text documents in social networks makes sentiment analysis
difficult and the accuracy of previous automatic sentiment analysis approaches remains
around 80%. This should be further improved for more accurate analysis. In addition,
some existing approaches require additional information, such as users’ tendencies or
relationships, which are not always available on online social networks. For these
reasons, we propose a sentiment analysis algorithm that guarantees higher accuracy than
existing approaches and can be used broadly in social network sites without requiring
additional information.

Twitter is a microblogging service and one of the most popular online social network
services at present. Twitter allows users to write a message of up to 140 characters, which

is known as a tweet. One of main characteristics that differentiate Twitter from other



online social network services is the following relationships. If user A follows user B,
user A is a follower and receives all tweets user B writes. User B does not have to follow
back user A. Once a user writes a tweet, the followers of the user can view the tweet.
People write tweets about their life or social issues and the tweets are spread out on
Twitter by the following relationships. Twitter also provides an application programming
interface (API) to allow developers access a variety of Twitter’s data. Numerous
researchers have studied gathering and analyzing the Twitter data to detect current issues
such as earthquakes [59] and influenza [60] or to recommend appropriate tags to users
[61].

Many researchers have developed their own tweet crawlers [2][12][53][55]. Recently,
a change in Twitter's terms of service prohibits publicly sharing crawled data for any
purposes, including academic research [2]. Moreover, there is still an additional
restriction imposed by Twitter; access to Twitter APIs is limited to a relatively reduced
number of queries. A general-purpose tweet crawler that would collect all tweets around
the world is unlikely to be legally feasible to implement. On the contrary, a subject-
oriented tweet crawler, which collects tweets that are relevant to given search terms, is
attractive to researchers.

Among the many considerations to gather the tweets relevant to a specific topic, the
selection of seed nodes, which are used for the starting point of the data gathering process,
is the most important issue to investigate. In order to effectively collect topic-related data
from Twitter, this paper proposes an algorithm to select suitable seed nodes, which can
greatly improve the efficiency of the crawling process. The algorithm considers user

influences and activities to find the best seed nodes dynamically.



Overall, we propose an integrated data collection, analysis, and management system,
as well as specific data analysis and processing techniques in a broad spectrum. This
study is structured as follows. Section 2 contains a description of work related to social
network and text analysis methods. Section 3 explains design and implementation details
of the data collection and management system. Section 4 describes the text classification
algorithm that categorizes given documents into specific topics. We propose a sentiment
analysis algorithm that analyzes the polarity of documents toward a topic in Section 5.
Section 6 proposes a seed selection algorithm for efficient data collection. In Section 7,
several data analysis case studies are explained. Section 8 concludes this study with

summarization, main contributions, limitations, and future research topics.



2. Literature Review

2.1. Data Collection and Management

These days, social data is being generated, produced, and exchanged enormously [1].
Demands for extracting meaningful information from social data has been dramatically
increased with the huge amount of data generated from social networks. A lot of
researchers have developed data collection and management systems for online social
network analysis, which are summarized in Table 1. Most previous research encompass
potential problems with data processing, management, and analysis. First, the data
storage of the previous approaches is based on a relational database that may cause
performance issues when a huge amount of datasets ranging from a few terabytes to
multiple petabytes needs to be handled. Second, they do not support distributed
processing, which may increase processing time. Last, they collect data from only a
single source channel, such as Twitter. To analyze trends of society accurately, data
should be collected from multiple online social networks.

Table 1. The Comparison of Data Collection and Management Tool

Source Distributed
Data Store .

Channel Processing

Song et al [1]. Twitter Relatlonal,_ No
Key-value pairs

TwitterEcho [2] Twitter Not given No
Byun et al [3]. Twitter Relational No
Twitter Zombie [4] Twitter Relational No
TwitHoard [5] Twitter Graph DB No
TrendMiner [6] Twitter Key-value pairs No
TwitlE [7] Twitter Not given No
ESA [8] Twitter Not given No
Baldwin et al [9]. Twitter Flat files No




Apache Hadoop is an open source software that allows us to process and manage
data in scalable and distributed manners [10]. The main characteristic that separates
Apache Hadoop from other database management systems is that distributed processing
of large data sets is allowed across clusters of computers with simple programming
models. It also supports job scheduling and multiple cluster resource management. The
distributed computing techniques provide high scalable processing capabilities that
reduces processing time for big data [11]. Hadoop uses the Hadoop Distributed File
System (HDFS) that splits files into large blocks and distributes blocks into nodes in
clusters. It runs a range of clusters in commodity machine. MapReduce is a distributed
data processing model and execution environment that processes data using parallel
processing in the nodes. Hadoop is widely used in industry to process and manage big
data. It can be considered a candidate for social data analysis since it requires handling

and analyzing a vast amount of data.

2.2. Natural Language Processing

Natural Language Processing (NLP) is the process of analyzing and understanding
language that humans use with computer algorithms [12][13][14][15]. Since text
documents written by humans are generated from online social networks, NLP is widely
used in social network analysis. Approaches to NLP vary, reaching from word and token-
based analysis to hierarchical or logical representation analysis.

The Stanford Natural Language Processing Group has developed Natural Language

Processing Software that provides us with statistical, deep-learning, and rule-based NLP



tools [16]. The software is widely used in industry, academia, and government. Key

software modules are summarized in Table 2.

Table 2. List of Stanford Natural Language Processing Software Modules and

Features

Module Names

Features

Stanford CoreNLP

An integrated suite of natural language processing tools

Stanford Parser

Probabilistic natural language parsers

Stanford POS Tagger

A maximum-entropy (CMM) part-of-speech (POS)
tagger

Stanformd Named Entity
Recognizer

A Conditional Random Field sequence model

Stanford Word Segmenter

A CRF-based word segmenter

Stanford Classifier

A machine learning classifier. Provides a softmax
classifier, Nave Bayes, and other options.

Tregex, Tsurgeon, and
Semgrex

Tools for matching patterns in linguistic trees

Phrasal

Phrase-based machine translation system

Stanford EnglishTokenizer

Tokenizer for English text

Stanford Token Regex

Matching regular expressions over tokens

Stanford Temporal
Tagger(SUTime)

A rule-based temporal tagger for English text

Stanford Pattern-based
information Extraction and
Diagnostics(SPIED)

A boostrapped pattern-based entity extraction system.

Stanford Relation Extractor

A tool for extracting relations between entities




2.3. Sentiment Analysis

Several user-generated text documents contain users’ emotional states and moods
about topics, such as events, products, and services. Sentiment analysis is extracting the
users’ opinion and knowledge from the text documents [17][18]. Most approaches focus
on identifying whether a text document expresses a positive or negative opinion about a
topic [18][19]. The high volume of such data has called for automated tools that assign
positive or negative for much easier and quicker analysis. Recently, the literature on this
topic has been growing.

There are two main approaches to extracting sentiment from text documents. The
first approach is lexicon-based sentiment analysis which is found on pattern matching
with pre-built lexicon. Many researches tried to extract sentiment or opinion from text
documents using this approach [17][18][19][20]. O’Connor et al. [20] analyzed political
opinion using a sentiment analysis algorithm. They collected text documents related to
political opinion in Twitter from 2008 to 2009. Also, they built a sentiment lexicon where
each word was categorized as either positive or negative keywords based on
OpinionFinder [21]. The number of positive and negative keywords was counted for
every text document. A text document is defined as positive if it contains any positive
word, and negative if it contains any negative word. As a result, the ratio of positive
documents versus negative documents was compared with survey results and it showed
data correlation between the results of sentiment analysis and survey is as high as 80%.
The results indicate that the method can be used as a supplement for a traditional survey.
However, the lexicon based approach has weaknesses in that a text document including

positive keywords does not necessarily yield positive opinion. For instance, the word like



Is categorized as a positive word in the lexicon, meaning if a text document includes the
word like, it is categorized as a positive document. Nevertheless, if the message includes
the word do not right before like, the actual opinion of the document should be
categorized as negative. In this sense, such lexicon-based approaches should be improved
regarding the nature of language. The second approach is classification-based sentiment
analysis, also known as supervised classification. It builds a sentiment classifier using a
train set that contains labeled texts or sentences and tests new texts using the classifier.
Statistical and machine learning techniques can be used in this approach. The Bayesian
modeling approach has proven to be a capable method for multi-class sentiment
classification and multi-dimensional sentiment distribution predictions [22]. Machine
learning techniques, such as Naive Bayes (NB), Support Vector Machines (SVM),
Maximum Entropy, Decision Tree and K-Nearest Neighbor Classifier have been shown
to be effective methods for sentiment analysis of messages [23][24].

Some of sentiment analysis approaches examine documents’ author information or
behavior. Guerra et al. [25] proposed a sentiment analysis algorithm using the bias of
social media users toward a topic. They posit users tend to express their opinion multiple
times and a user’s bias tends to be more consistent over time as a basic property of
human behavior. Thus, they measured bias of social media users toward a topic and
analyzed sentiment by transferring users biases into textual features. Kucuktunc et al. [26]
also proposed a method of analyzing sentiment based on characteristics of users, such as
gender, age and education level. However, these methods cannot be broadly used because
it requires relationship data among users and previous text documents that the users have

posted, which are not always provided by social networks because of the privacy laws.
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Speriosu et al. [27] applied the label propagation (LPROP) approach based on graph
representation to analyze the sentiment of documents in Twitter. Their assumption is that
each tweet written by a user is linked to other tweets written by the same user, and each
author is influenced by the tweets written by users whom he or she follows. They
represented such a relationship using a graph where the features of the document, such as
words, emoticons, and authors, are inter-related to each other. Those features affect
positivity or negativity of the documents in the graph. They tested the accuracy of the
LPROP approach with messages in four different topics and compared it with the
accuracies of other approaches. The results show that accuracy of the proposed LPROP
approach is the highest among other sentiment analysis approaches as it reached 65.7% to
84.7%, depending on the topics. However, there is a room for improving the accuracy of
the LPROP since its average accuracy is still 72.08%.

In spite of high demands for automatic sentiment analysis on text documents in
online social network data, the development of the automatic sentiment analysis faces
some challenges as the text documents in online social networks are unstructured,
unlabeled, dynamic and noisy [18][25]. Because of the characteristics of the text
documents in social networks, the accuracy of previous automatic sentiment analysis
approaches remains around 80%, which should be further improved for more accurate
analysis. In addition, some existing approaches require additional information, such as
user’s tendencies or relationships, which are not always available on online social

networks.



11

2.4. Topic Model

The topic model uncovers abstract topics within text documents [28][29][30]. With
the increasing popularity of online social networks, using the topic model for short texts
documents has become an important task in social network analysis. The term frequency-
inverse document frequency (TF-IDF) discovers how important a word is in a text
document from corpus using statistical methods [31][32]. The importance of a word in a
document is measured by two factors; term frequency and inverse document frequency.
Term frequency tf(t,d) is the number of times that a term t occurs in a document d.
Inverse document frequency idf(t,D) is measure of how much information the word
provides, meaning whether the term is common or rare across all documents. 1df(t,D) is
computed as shown in (1).

idf(t, D) = 1og|{d€D’VTd}| 1)

In (1), d is a document in corpus D, and t is a term that appeared in a document d. N
is the number of documents in the corpus D. |{d € D : t € d}] is the number of
documents where the terms t appears. Then, tdidf(t,d,D) is computed as shown in (2).

tfidf(t, d, D) = tf(t, d) x idf(t, D) (2)

The latent Dirichlet allocation (LDA) is a generative probabilistic framework that
models documents as a finite mixture over an underlying set of topics [33]. In LDA, a
document is considered a mixture of topics and represented as a distribution of words
over the vocabulary. Those approaches are widely used in the topic model. However,
LDA does not show high performance in short length text documents like it does in long

length text documents.
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In addition, classification algorithms can be used as a topic model to group similar
documents. The Support vector machine (SVM) is a supervised learning method for
classification and regression [34][35]. Given the train set where each row of data is
classified as one two categories, SVM trains the features of each category and searches
for a hyper lane that separates two groups in maximum margin. Then, it classifies new

data as one of two categories using the maximum marginal hyper lane.

~ X0+W1X1 +W2X2>0

Xo T WiX; + WX, =0

Xo + WX + wyx, <0 h
~
: Al

O Class 1,y =+1
@ Class2,y=-1

« D={(X,v)} *  W*X+b = () : Hyperlane
* D : Classification dataset * W :aweight vector {wy, Wa,...,W,}
* X,. the set of training tuples * n: set of attributes
* y,. class label (either +1, -1) * b ascalar(bias)

Figure 1.Example of Classification using SVM

Figure 1 shows an example of classification using SVM. D is a classification data set
where each tuples in the data set is classified as +1 or -1, and contains set of training

features X, = {X1, X2} in it. Then, it generates the hyper lane, Xo + WiX; + W7X, = 0, that
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separates the tuples labeled +1 from the other tuples labeled -1 with maximum margin.
Given the new data tuples, it is classified as class +1 if the tuples lies above the
separating hyperlane (xo + wix; + WXz > 0). In a similar way, the new data tuple is
classified as class -1 if the tuples lies below the separating hyper lane.

The Nalve Bayes classifier is a probabilistic classifier based on Bayes’ theorem and
suitable for the data that contains high dimensionality [36][37][38]. In the Nave Bayes
classifier, n features for a data instance are represented in vector space model as shown in
the (3) where x represents each feature in a feature set X.

X = (x4, %3, ey Xp) (3)

Then, the probability of each data instance is assigned using conditional probability

of each feature as shown in the (4). Then (4) is decomposed to (5) using Bayes’ theorem

P(Ciclxs, Xz, -, ) (4)
(i) PXICr)
p(ClX) = F=E P 5)

The Decision tree is a flowchart-like tree structure, where each internal node
represents a test on an attribute, each branch represents the outcome of the test, and each
leaf node represents a class label [39][40]. It is one of the most popular classification
methods based on feature-based learning [41]. Decision Tree induction is the learning of
decision tree from class-labeled training tuples. Quinlan presented decision tree induction
algorithms (Iterative Dichotomiser 3 and C4.5) [39][42]. Breiman et al. also presented a
binary decision tree induction algorithm based on the statistical model [43]. A general

decision tree induction algorithm is explained in Figure 2.



Input:

9:

11:
12:
13:
14:

Data partition D, which is a set of training tuples and their associated
class labels;

attribute_list, the et of candidate attributes;
Attribute_selection_method, a procedure to determine the splitting

criterion that that “best” partitions the data tuples into individual classes.

This criterion consists of a splitting_attribute and, possibly, either a
split-point or splitting subset.

Output: A decision tree

Method:

1: create a node N;

2: if tuples in D are all of the same class, C, then

3: return N as a leaf node labeled with the class C;

4: if attribute_list is empty then

5: return N as a leaf node labeld with the majority class in D;

6: apply Attribute_selection_method(D, attribute_list) to find the “best”

splitting_criterion;
7: label node N with splitting_criterion
8: if splitting_attribute is discrete-valued and multiway splits allowed then

attribute_list < attribute_list — splitting_attribute;

10: for each outcome j of splitting_criterion

let D; be the set of data tuples in D satisfying outcome j;
if Dj is empty then
attach a leaf labeled with the majority class in D to node N;
else attach the node returned by Generate_decision_tree(D;,
attribute_list) to node N;

endfor
15: return N;

Figure 2. General decision tree induction algorithm [44]

2.5. Data Analysis Knowledge Extraction on Social Network Data

14

Extracting useful information and predicting a diverse variety of social phenomena is

one of biggest issues in social network data analysis. Artis et al. proposed a stock market

and box office forecasting model using Twitter data [45]. Relevance filtering, data

cleaning, and sentiment analysis techniques were used for text pre-processing. They used
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the results of the text pre-processing as prediction features and several machine learning
algorithms, such as Linear Regression, Neural Network, and SVM, were applied on them
to predict the stock market index and box office data. Song et al. developed a Twitter data
collecting and analyzing system to examine political data about the 2012 Korean
presidential election on Twitter [1]. They collected 1,737,696 tweets that contain the
name of presidential candidates and the keyword “Presidential Election” using the
Twitter stream API. The tweets were pre-processed using such text analysis techniques.
They analyzed the collected data using topic modeling, network analysis, and term co-
occurrence analysis techniques. Mishne and Glance [46] extracted text documents written
by bloggers and analyzed sentiment in them. The relationship between sentiment score
and sales of 49 movies were examined by Pearson’s r-correlation. Asur and Hurberman
[47] also analyzed sentiment on text documents and forecasted box-office revenues. They
applied linear regression to predict sales of movies. Bollen et al. [48] estimated the
general mood of tweets using number of tweets that contain positive or negative words,
and mood status in profile. The estimated general mood were used as indicators for
predicting Dow Jones Industrial Average (DJIA). Wolfram [49] directly extracted
features from the text documents and predicted the NASDAQ stock prices. Predicting TV
ratings and influenza rates using Twitter data has been also researched, and it showed

promising results [50][51].



Table 3. List of Data Analysis and Prediction Model on Web Data
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Data Analysis

Analysis / Prediction

References Target Model Data
SVM, Linear
Arias et al.[45] Stock Mgrket Index, Regression, Neural Tweets, Stock
Movie Sales Market Index
Network
Korea Presidential Topic Model,

Song etal.[1] Election Network Analysis Tweets
Mishne and . . . Blog posts, IMDB
Glance[46] Movie Sales Sentiment Analysis Sales Data

Asur and . . .
Huberman [47] Movie Sales Linear Regression Tweets
Stock Market Index Tweets, Stock
Bollen et al.[48] (DJIA) SOFNN Market Index
Edinburgh Corpus,
Wolfram[49] Stoc(kNl\Aflglr:l;ZtQI;\dex SVM English,
Relevant to stocks
Wakamiya et . .
al.[50] TV Ratings Topic Model Tweets
Lampos et ;
al.[51] Influenza Rates Sparse Linear Tweets

Regression
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3. Architecture and Process of Data Collection and Management System

In this section, we demonstrate architecture and implementation of the data
collection and management system. The system consists of three main components,
Crawler, Analyzer, and the Hadoop controller, where each component is inter-connected
with each other. The overall system flow works as follows. First, the Crawler collects
data from Twitter, YouTube, and the New York Times using their Application
Programming Interface (API). Specifically, tweets from Twitter, video comments from
YouTube, and news articles from New York Times are collected in this step. A tweet,
comment and news article are considered documents in this system. Once the documents
are collected by the Crawler, the Duplication checker filters duplicated documents and
the Language detector identifies documents written in English. Second, the Analyzer pre-
processes the documents using several text analysis techniques. Once the Term extractor
retrieves meaningful terms using the Stanford core NLP [16], the Topic analyzer filters
noisy data and extracts documents that related to a specific topic. Then, the Sentiment
analyzer evaluates the polarity of each of the document, whether it contains either
positive or negative opinion toward a topic. Finally, the Hadoop controller saves the
number of documents, terms and sentiment score into HDFS (Hadoop distribute file
system). We designed our own directory architecture for HDFS, which enabled us to
process and manage text documents efficiently. The overall system architecture and

document processing flows are depicted in Figure 3.
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In addition, we use a Java based message service server for communication channel

that guarantees the independency of each component, further enable them to process in

distributed computing. Details of each component and data processing are explained in

the rest of this section.

3.1. Data Crawler

Previous research collected data from only single source channel, mostly Twitter as

explained in Section 2.1. Nevertheless, users in a social network site might have bias

toward a specific topic. In this research, we collected data from three source channels,

Twitter, YouTube and New York Times for more accurate analysis of trends in real

society.
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Twitter crawler consists of seed and search crawler. The Seed crawler retrieves
tweets from the selected Twitter accounts called seed nodes. The details of seed selection
process are explained in Section 6. A Twitter account has unique screen name and
numeric type Twitter account ID. This system only uses the Twitter account 1D since the
screen name can be changed by the own user although the account 1D is permanently
used in Twitter. All seed nodes information provided by seed selection process is stored
in the database with the screen names and the Twitter account IDs. Once the seed node
information is saved and ready to use, the Seed crawler sends a request to Twitter with
the account id and receives the latest 3200 tweets by each seed node.

The Search crawler retrieves tweets using keywords that are related to a topic. The
related keywords are manually inserted by human. After keywords are inserted into
system, the Search crawler sends requests with the keywords using Twitter API. Then,
Twitter will send response back to the system with the tweets containing the specific
keywords. Normally, Twitter provides the tweets that generated in last nine days from the
time the system requests.

YouTube also provides us with API that allows us to collect YouTube video related
information, such as video title, the number of views, likes, dislikes, profile of users and
comments posted on a video. The YouTube Crawler collects comments posted on
specific videos using the API. The target videos can be manually selected by human or
searched using the keywords. The New York Times crawler has been developed in the
similar way as the YouTube Crawler. It sends requests to New York Times with

keywords and receives the news articles related to keywords.
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Once the Crawler collects the tweets in Twitter, comments in YouTube and the news
article in New York times, each of them is treated a document in this system. All
documents are sent to the duplication checker and it examines whether the same
document already exists in the database or not. If the same document exists in the
database, the new document is deleted in this step. Finally, the Language detector
evaluates the each document and identifies the document that written in English. The
documents not written in English are deleted in this step. We developed the Language
detector based on Microsoft Language Detection Module. Figure 4 shows the architecture
and process of the Data crawler. All processed documents are sent to the Message queue

using the Message sender.

Twitter Seed Crawler

4 '
f Seed Dup Language Message |
L Crawler Checker Detector Sender
\_ J

[y [

DB:
Twitter User ID

—
DB:

Search keyword

BE Message
Document ID
Queue

List

A

( Search Dup Language Message ||
1 Crawler Checker Detector Sender

Search Crawler

Figure 4. Architecture and Process of Twitter Crawler.
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3.2. Analyzer

The Analyzer is a document pre-processor that extracts meaningful terms, filters out
garbage data, identifies documents related to specific topics, and decides whether the
documents are positive or negative opinion toward a topic. The architecture and general

process of the Analyzer is depicted in Figure 5.

Analyzer

Message Message Term
Queue Receiver Extractor
(NLP)
{ NLP ] ——————
Knowledge Message Sentiment DB: Sentiment
Sender | | Analyzer I

Y

Message
Queue

Figure 5. Architecture and Process of Analyzer

Topic DB: Topic

Classifier Classification

Train set

)

The Term Extractor discovers meaningful words in documents using NLP techniques.
First, every word in a document is parsed into tokens and saved into a vector space.
Second, the Term Extractor identifies morpheme of each word and labels it noun,
adjective, verb or adverb, which is classified as a term. The words that are labeled other
types of morpheme, such as pronouns and prepositions, are not considered terms since
these types of morphemes do not have informational meaning. Finally, the original

document and the extracted terms are saved into HDFS for further analysis. Additionally,
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it generates a list of the top 100 terms that most frequently appeared in documents by
topic. The 100 terms are generated every day and saved into HDFS through the Map
Reduce technique. We integrated Stanford Core NLP made by Stanford Natural
Language Processing Group into the Term Extractor.

The Topic classifier retrieves documents that are related to specific topics and filters
out the other documents that are not related to them. Terms for each document generated
from the previous step are used as features to train the two documents set, documents
related to the topic and documents not related to the topic. Then, it builds three text
classifiers using SVM, Naive Bayes and Decision Tree. Once a new document is given,
the Voting module runs three classifiers and categorizes it into topic-related or not topic-
related document. Categorization results are saved into HDFS with original documents
using the Hadoop controller. Details of the classification process and experiment results
are explained in Section 4.

The Sentiment analyzer extracts an opinion whether a document contains a positive
or negative meaning toward a topic. We developed a sentiment analysis algorithm based
on a probability model in previous research [52]. It reads sample documents in a train set
and builds a sentiment lexicon that contains the list of words that appeared in the sample
text documents and the probability that a text document is positive opinion if it includes
these words. Then, it computes the positivity score of documents in a test set using the
list of words in a document and sentiment lexicon. Each document is categorized as
either positive or negative opinion, depending on the threshold value calculated using a
train set. Details of sentiment analysis algorithm, accuracy and experiment results are

explained in Section 5.
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3.3. Hadoop Controller

The Hadoop controller stores original documents, terms and sentiment score into
HDFS in a predefined HDFS file structure format. It also generates the most frequently
used words by topic and saves the list of words every day. Figure 6 depicts the

architecture and process of the Hadoop controller.

Hadoop Controller

~
Message Message Insert C‘(?;Olfgr ] 4{ Insert
Queue Receiver Document (Map-Reduce) Result )
h 4
| -
File

Keyword
Rank

Sentiment

0

Figure 6. Architecture and Process of Hadoop Controller

We designed Hadoop-based file and directory architecture to save, analyze and
retrieve documents efficiently as shown in the Figure 7. Every document is saved by
channel, company, category and date. The documents, terms, and sentiment scores are

stored in separate files in order to retrieve these data without additional processing.
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By Channel By Topic By Category By Date

(Topic) (Date).txt
—>»{ Term| » (Date).txt
(Date).txt
(Topic) (Date).txt
—»{ Term| » (Date).txt
(Date).txt

Figure 7. File and Directory Architecture in HDFS

The Word counter extracts the most frequently used words by topic and sorts them
by the number of appearance. The list of words and number of appearances are saved into
HDFS using Map-Reduce, which enable us to directly access to the data without

additional processing.

3.4. Message Processor

In this system, all components are communicated with each other using a messaging
service server that enables them to process data in distributed computing. The messaging
service can be understood as an exchange of messages between software components
such as TCP (Transmission Control Protocol) network socket, CORBA (Common Object
Request Broker Architecture), or RMI (Java Remote Method Invocation). This approach
allows software components to communicate indirectly using message queues. The main
benefit of this approach is that a message sender does not necessarily need to know the

status of a receiver in order to send a message. Also, it helps to integrate heterogeneous
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platforms, reduce system bottlenecks, increase scalability, and change functionality of a
component not affecting the other components.

This system supports multi-processing as performance gaps exist among the crawler,
the analyzer, and the Hadoop controller. Depending on the speed of each component, the
system runs additional process to avoid bottle-neck problems. For examples, if the
analyzer is about 7 times slower than the crawler, the system runs 7 times more processes

for the analyzer than the crawler.

3.5. Data Collection Experiment Results

In these data collection experiments, we selected 22 companies listed in S&P 100, a
stock market index of United States stocks maintained by Standard & Poor's. The 22

companies were categorized into three groups by their business types as shown in Table

4,
Table 4. 22 Target Companies for Data Collection and Analysis
Category Company

Information Technology Apple, Amazon, Cisco, eBay, Facebook,
Google, HP, IBM, Intel, Microsoft, Oracle,
Qualcomm

Retail CVS, Costco, Home Depot, Lowe’s,
Walmart, Target, Walgreen

Telecommunications AT&T, Verizon
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To collect the data, we assigned six Twitter app keys to the Seed crawler. The six
app keys allow the Crawler to send 1,080 queries per 15 minutes. Since a query is able to
collect 100 tweets, 108,000 tweets can be crawled every 15 minutes (7,200 tweets per
minute). We also assigned 28 Twitter app keys to the Search crawler. The 28 app keys
allow the Crawler to send 5,040 queries per 15 minutes, meaning 504,000 tweets can be
crawled every 15 minutes (33,600 tweets per minute). Limitation of app keys for

YouTube and New York Times are not described in their APl documentation.
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Figure 8. The Number of Documents by Companies

From Dec 19, 2014 to Jan 18, 2015, the crawler collected 16,479,483 documents. On
average, it collects about 532,226 documents daily. We can expect that about 2 billion
documents will be collected per a year using this system. Figure 8 shows the total amount

of documents by the companies collected by this system.
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Table 5 shows comparisons of performance among the Crawler, Analyzer and
Hadoop controller. Numbers in a cell indicate the number of document processed in 10
minutes. On average, the Crawler processes documents 6.3 times faster than the Analyzer
does as they handle approximately 3,177 and 504 tweets respectively. Also, the Crawler
is 1.4 times faster than the Hadoop controller as shown in the Table 5. Therefore, the
system allocates 7 times more processes to the Analyzer than Crawler. In the similar way,

2 times more processes are allocated to the Hadoop controller than the Crawler.
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Table 5. Performance Comparisons among Crawler, Analyzer and Hadoop

Controller
Processing Hadoop
Crawler Analyzer
10 minutes Controller
test 1 3,681 599 1,967
test 2 3,539 566 2,149
test 3 3,545 455 2,161
test 4 3,527 489 2,294
test 5 3,755 448 2,171
test 6 2,789 443 2,155
test 7 2,171 451 2,180
test 8 2,000 491 2,152
test 9 3,670 483 2,260
test 10 3,098 616 2,727
average 3,178 504 2,222

Moreover, we also developed a web application based on Java and Spring framework
to report summaries of results by the companies and dates including the number of
documents, word counts, and sentiments as shown in the Figure 9. The number of
documents, frequently used words, and positive and negative documents are depicted in

graph and table format for users to easily understand the results of summaries.
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4. Topic Related Document Classification

Documents

[ Term Extractor }
/ Topic Classifier \

A 4
_ DB: Topic Classifier Feature
Train set Generation Module
Iy
I \ h 4
Sampling and Classifier Building Topic Classification
Human Coding Module Module

2

A 4

Topic
Original Documents Classification
Results(Ads)

HOT DEALS : http://t.co/4jouCal94e Apple iPhone Positive
5 16GB al428 (AT&T) White Black $199.99

I hate talking to até&t they want to do everything but
send me a new phone.

Apple iPad mini 2 128GB Wi-Fi + 4G Cellular

(AT&T) 7.9in - Space Gray - Full read by eBay: Positive
Price 335.0 USD (7? http://t.co/61D4afgFKM

Negative

Figure 10. Process of Topic Classifier

In this section, we demonstrate the process and details of the implementations of the
Topic classifier. The overall process of the Topic classifier is depicted in Figure 10. First,

sample documents are retrieved from the raw data set labeled by human coders. For each
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topic, the documents are classified as a positive class if the documents are related to the
topic. Otherwise, they are classified as a negative class. Second, the Classifier building
module generates SVM, Na'ive Bayes and decision tree classifiers for each topic. Once
the new documents are given, the Term extracting module retrieves meaningful words
from original documents as explained in Section 3.2, which is called terms in this
research. Then, the Feature generation module creates a feature vector where existence of
frequently used words and special topic related keywords are represented as Boolean or
numeric values. Finally, The Topic classification module classifies documents based on
the classifiers and features generated in the previous step. Additionally, the Topic
classification module classifies new train set candidates and saves them into the data
store. Details of methodologies and experiment results are explained in the rest of this

section.

4.1. Data Preprocessing and Building Classifier

In this research, we retrieved 4,000 sample documents generated from online social
networks or web sites. Every sample document is labeled a topic by human coders. Five
graduate students were involved in the coding process. The documents are classified as
advertising, opinion, stock related or miscellaneous documents as shown in the Table 6.
Ambiguous documents that at least one coder classified as different topic are excluded
from the sample data set. As a result, we have extracted total of 2,857 sample documents

as shown in the Table 7.
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Table 6. Example of Document Topic Classification by Human Coders

Documents Adver | Opini | Stock | Miscell
tising | on aneous

Apple iPhone 6 (Latest Model) - 64GB - Space Positi | Negati | Negati | Negativ

Grey (AT&T) Smartphone via eBay ve ve ve e

http://t.co/LNgLvQTh3I

At&t got the worst customer service Negati | Positi | Negati | Negativ
ve ve ve e

@HuckNineteen Or Grandma's AT&T stock that Negati | Negati | Positi | Negativ

she acquired in dribs and drabs. Exempts $250k ve ve ve e

per person for house, $100 k other.

#Dow #stocks $T AT&T Daily:0.14% Weekly:- Negati | Positi | Negati | Negativ

0.4% YTD:3.33% Trend:64 / 100 ve ve ve e

http://t.co/gHYyX10bVga

Great Deals #424 : http://t.co/7kT5iuJwin Apple Positi | Negati | Negati | Negativ

iPhone 5¢ - 16GB (AT&T) Smartphone - Blue - ve ve ve e

Pink - White - Yell... http://t.co/BxzHWz306J

I'm really hoping AT&T gets my new iPhone to Negati | Negati | Positi | Negativ

me before Christmas ve ve ve e

At&t/cingular Samsung Sgh-all7 Flip Cell Mobile | Positi | Negati | Negati | Negativ

Wireless Go Phone: At&t/cingular Samsung Sgh- | ve ve ve e

all7 Flip Cel... http://t.co/nX6x7L62Ps

@iIMSUCHATHREAT _ you at T shunica house Negati | Negati | Negati | Positiv
ve ve ve e

RT @TripleDTrader: Some interesting sell Negati | Positi | Negati | Negativ

imbalances this morning: $PFE -278K, $KO - ve ve ve e

162K, $BA -79K, $T -122K, $VZ -179K, $DOW -

158K, $BAC -1?

?@lizjs_: $T got me the cutest secret Santa Negati | Negati | Negati | Positiv

present?? Ve ve Ve e

Table 7. Experiment Documents Set
Category | Advertising | Opinion Stock Miscellaneous Total
Documents 1,096 616 408 737 2,857

For each topic category, sample documents are split into positive and negative class.

For example, there were 1,096 documents classified into adverting topic in the previous
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step. For adverting topic, these 1,096 documents were labeled positive class and the other
1,761 documents that are classified into opinion, stock and miscellaneous topic were
labeled negative class. Then, for each positive and negative class labeled documents, we
extracted 100 documents that will be used for test set in this research. In the same way,
opinion and stock related documents were also labeled positive and negative class, which
were spilt again into train and test set. Table 8 shows the number of sample train and test

set for each topic category.

Table 8. Number of Train and Test Set for Each Category

- Category Advertising Opinion Stock
Train Set Positive 996 516 308
Negative 1661 2141 2349
Test Set Positive 100 100 100
Negative 100 100 100

Once the train set is built, the Classifier building module generates the Topic

classifiers using SVM, Nalve Bayes and Decision Tree as shown in the Figure 11. First,

the Term extraction module reads documents in topic train set and extracts list of terms

for each document as explained in Section 3.2. Second, the Feature generation module

generates the list of 100 frequently used terms from all terms in the train set, which is

used for key features to train topic related documents. For each document, the existence
of the each term is represented as vector space model with a zero or one value. If a term

exists in a document, value of the term element in the vector is set for one. Otherwise, a
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zero is assigned to it. Also, the existence of stock symbol, URL and a string that indicates

currency format are extracted as additional features. An example of term and feature

extraction from documents is depicted in Figure 12. Finally, it trains the positive/negative

class documents using the features and three types of classification algorithm, SVM,

Na'ive Bayes and Decision tree. Then, it generates three classifiers and saves them as a

file format for the classification process of test documents.
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Figure 11. Process of Classifier Building Module



Documents and Term Vector

Documents

Term Vector

Apple iPhones 4s-16GB on ebay...

apple, iphones, ebay

AT&T fourth-quarter revenue rises ...

at&t, fourth-quarter,
revenue, rise

AT&T Announces Pricing on Today ...

at&t, announce, price, today

¥

Feature Representation

Documents at& | app | ihpo | eba | pri

t le ne y ce

Apple iPhones 4s-16GB on ebay... 0 1 1 1 0
AT&T fourth-quarter revenue rises ... | 0 0 0 0
AT&T Announces Pricing on Today ... 1 0 0 0 1

Figure 12. Term Extraction and Feature Representation Example

The SVVM classifier is built as follows. Let document set D be a classification train

data set with n documents as shown in the (6) , withi=1, 2, ..., n. Features of a

35

document are represented in 103 dimensional space where 100 frequently used words and

keywords “$number”, “$symbol”, and URL format indicate each feature. Then, let there

be only two class labels such that y; is either +1(positive class) or -1(negative class). A

hyperlane h(x) in (7) draws a linear line that splits the original space into two half-space
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in 103 dimensional spaces. In this research, an R package, e-1071, has been used to build

SVM classifiers.

D = {(x;,y:)} (6)
h(X) = WiX1 + Wy Xo + -+ W103X103 + b (7)

To build Naive Bayes classifiers, we also used the e-1071 package and the same
independent predictor variables (100 frequently used words and keywords “$number”,
“$symbol”, URL format). Then it computes the conditional a-posterior probabilities of a
categorical class variable given the independent predictor variables using the Bayes rule.
Table 9 shows list of conditional probabilities for each independent predictor variables.
Finally, the conditional probability for each document is computed as explained in (4)

and (5) in Section 2.4.

Table 9. Probabilities of each features assigned by Nave Bayes for Advertising

Documents
at&t | apple | iphone | ebay | Smartphone | Price | 16gb | ... | URL
p(positive) [ 0.94 |0.48 |0.44 0.43 |0.39 037 |036 |... |0.99
p(negative) | 0.52 | 0.01 |0.01 0 0.01 004 |0 ... 106

The decision tree is induced by an R package named rpart and uses the same features
as SVM and Nave Bayes classifiers. We built three decision trees for each topic. Figure

13 shows an example of decision tree to classify advertising documents.
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Yes phone < 0.5 No
ebay < 0.5 URL <0.5
l6gb <0.5 Year >= 0.5

4g < 0.5

Figure 13. Example of Decision Tree to Classify Adverting Documents

4.2. Document Classification using Support Vector Machine, Naive Bayes

and Decision Tree

Once the three classifiers are built for each topic, the Topic classification module
categorizes new documents using the classifiers. Then, Voting module finally classifies
them based on the results derived by the classifiers. Figure 14 shows the overall process

of the Topic classification module.
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Figure 14. Overall Process of Topic Classification Module
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The hyper lane function in (7) is applied to the new documents with the same feature

format as train set. It generates decision values for the documents that used for

classification threshold. If it is positive value, the document is classified into a positive
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class. Otherwiseg, it is classified into a negative class. Table 10 shows example of
document topic classification using SVM decision value. The Naive Bayes classifier
computes the conditional probability for each document as explained in (4) and (5) in
Section 2.4 for each document. If p(positive) is greater than p(negative), the document is
classified into the positive class of the topic. Otherwise, it is classified into the negative
class of the topic. Table 11 shows Naive Bayes probabilities and classification example.
Decision tree classification is processed by features generated in the previous step. Table

12 shows example of the features and classification results by the decision tree.



Table 10. SVM Decision Values and Classification Example
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Original
Label
(Ads)

Documents

Decision
Values

SVM
Classificati
on Results

Positive

Apple iPhone 4s - 16GB - Black (AT&T)
Smartphone (MC918LL/A) (unlocked) -
Full read by eBay: Price 68.0 USD (0?
http://t.co/lvgXkxhAont

2.47395455

Positive

Positive

Daily Deals: Unlocked 3.5" Android 4.4
Smartphone 3G WiFi GPS AT&T
Straight Talk Cell Phone: $48.9...
http://t.co/WMbfpUs4iQ #ebaydeals

1.10396221

Positive

Positive

NEW on EBAY: Apple iPhone 6 Plus
(6+) 64GB AT&T Phone In White/Gold
http://t.co/kObfqgm41V5
http://t.co/kSqQCalUPz

1.23073380

Positive

Positive

http://t.co/V8BMXNLwnt9 #Deals #6128
Samsung Galaxy S 4 S4 Zoom C105a
AT&T Unlocked 4G Android
SmartPhone White ...

http://t.co/hsK KUBjgdE

1.29783652

Positive

Positive

RT @ATTCares: @paachhecoo Stay
relaxed Guadalupe! Order the phone you
crave on AT&T Next at
http://t.co/31rTyfvin4 today! ~Kim
https://t.c?

1.12522636

Positive

Negative

This screen protector AT&T sold me for
my 6 plus is pure trash. Screen protector
already cracking. | want answers @ATT

-1.57803923

Negative

Negative

@ognayah_ i hate at&t ??

-2.72114057

Negative

Negative

#sharknado is very very interesting, gotta
love flying sharks

-2.72114057

Negative

Negative

$DVY Percent Change Updated Thursday
February 12

-1.12082525

Negative

Negative

AT&T's Donovan: When it comes to 5G,
timing is everything
http://t.co/kghJH9eU6m

-1.00008603

Negative




41

Table 11. Naive Bayes Probabilities and Classification Example

Original i SVI'V!
Label Documents p(_nega p(_p03| Cla§3|f|ca
(Ads) tive) tive) tion

Results
Apple iPhone 4s - 16GB - Black (AT&T)
. Smartphone (MC918LL/A) (unlocked) - Full -
Positive read by eBay: Price 68.0 USD (0? 0 1 Positive
http://t.co/lvgXkxhAont
Daily Deals: Unlocked 3.5" Android 4.4

Positive Smartphone 3G WiFi GPS AT&T Straight 0 1 Positive
Talk Cell Phone: $48.9...
http://t.co/WMbfpUs4iQ #ebaydeals
NEW on EBAY: Apple iPhone 6 Plus (6+)

Positive 64GB AT&T Phone In White/Gold 0 1 Positive
http://t.co/kObfqgm41V5
http://t.co/kSqQCalUPz
http://t.co/V8BMXNLwnt9 #Deals #6128

Positive Samsung Galaxy S 4 S4 Zoom C105a AT&T 0 1 Positive
Unlocked 4G Android SmartPhone White ...
http://t.co/hsK KUBjgdE
RT @ATTCares: @paachhecoo Stay relaxed

. Guadalupe! Order the phone you crave on 2.49e- .

POSItIVE | AT&T Next at http://t.co/31rTyfvind today! | 000 | o4 | Negatve
AKim https://t.c?
This screen protector AT&T sold me for my 1.89-

Negative | 6 plus is pure trash. Screen protector already 1 ' 43 Negative

cracking. | want answers @ATT

Negative | @ognayah_ i hate at&t ?? 1 2.092e- Negative

, #sharknado is very very interesting, gotta 3.92e- .

Negative love flying sharks 1 40 Negative

: $DVY Percent Change Updated Thursda 2.81- .
Negative February 12 ge Lp y 1 0131 Negative
Negative A_\T&T':s Donovap: When it comes to 5G, 1 6.82e- Negative
timing is everything http://t.co/kghJH9eU6m 23




Table 12. Decision Tree Features and Classification Example
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Decisio
Origina ph n Tree
| Label Documents on eb ULR Classifi
(Ads) e |V cation
Results
Apple iPhone 4s - 16GB - Black (AT&T)
. Smartphone (MC918LL/A) (unlocked) - -
Positive Full read by eBay: Price 68.0 USD (0? 0 1 1 | Positive
http://t.co/lvgXkxhAont
Daily Deals: Unlocked 3.5" Android 4.4
. Smartphone 3G WiFi GPS AT&T Straight .
Positive | ik’ Ceil Phone: $48.9.. N 1| Positive
http://t.co/WMbfpUs4iQ #ebaydeals
NEW on EBAY: Apple iPhone 6 Plus (6+)
Positive 64GB AT&T Phone In White/Gold 0ol 1 1 | Positive
http://t.co/kObfqgm41V5
http://t.co/kSqQCalUPz
http://t.co/V8BMXNLwnt9 #Deals #6128
. Samsung Galaxy S 4 S4 Zoom C105a .
Positive AT&T Snlockeéll 4G Android SmartPhone 1|0 1 | Positive
White ... http://t.co/hsKKUBjgdE
RT @ATTCares: @paachhecoo Stay
relaxed Guadalupe! Order the phone you
Positive | crave on AT&T Next at 110 1 | Positive
http://t.co/31rTyfvin4 today! *Kim
https://t.c?
Negativ This screen protector AT&T sold me for Negativ
o my 6 plus is pure trash. Screen protector 0 0 0 o
already cracking. | want answers @ATT
Negeatlv @ognayah_i hate at&t ?? 0|0 0 Ne%atlv
Negativ | #sharknado is very very interesting, gotta 0ol o 0 Negativ
e love flying sharks e
Negativ | $DVY Percent Change Updated Thursday Negativ
0|0 0
e February 12 e
Negativ AT&T'_S Donovar_w: When it comes to 5G, Negativ
o timing is everything 0 0 1 o
http://t.co/kghJH9eU6m
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Table 13. Advertising Documents Voting Results and Classification Example

Original . . .
Label Documents SVM g: '\éi [r?e'lelrse:s gg:&?tgs
(Ads) Y

Apple iPhone 4s - 16GB - Black
Positive ((ﬁ-:-fig dS)rrl?:rJ?lhr(;r;z (tlj\; %gg/l‘:;ﬁfc‘é Positive | Positive | Positive | Positive
68.0 USD (0? http://t.co/vgXkxhAont
Daily Deals: Unlocked 3.5" Android
Positive 4'255?5&?.?;&655' \I/D\QoFrllec:;PSSS 4'?;&1- Positive | Positive | Positive | Positive
http://t.co/WMbfpUs4iQ #ebaydeals
NEW on EBAY: Apple iPhone 6 Plus
Positive Whigtg/gflﬁ?l?trﬁ}ﬁigllfggfgemILVS Positive | Positive | Positive | Positive
http://t.co/kSqQCalUPz
http://t.co/V8BMXNLwnt9 #Deals
#6128 Samsung Galaxy S 4 S4 Zoom
Positive | C105a AT&T Unlocked 4G Android | Positive | Positive | Positive | Positive
SmartPhone White ...
http://t.co/hsK KUBjgdE
RT @ATTCares: @paachhecoo Stay
relaxed Guadalupe! Order the phone Negativ
Positive you crave on AT&T Next at Positive o Positive | Positive
http://t.co/31rTyfvin4 today! ~Kim
https://t.c?
This screen protector AT&T sold me

Negati for my 6 plus is pure trash. Screen Negativ | Negativ | Negativ | Negativ

egative :
protector already cracking. | want e e e e
answers @ATT

Negative @ognayah,_i hate at&t 22 Ne%atlv Ne%atlv Negeatlv Negeatlv

Neaati #sharknado is very very interesting, Negativ | Negativ | Negativ | Negativ
egative .

gotta love flying sharks e e e e
Negali $DVY Percent Change Updated Negativ | Negativ | Negativ | Negativ
egative
Thursday February 12 e e e e
AT&T's Donovan: When it comes to . . . .
Negative 5G, timing is everything Ne%atlv Ne%atlv Ne%atlv Ne%atlv

http://t.co/kghJH9eU6m
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Once classification results by SVM, Naive Bayes and Decision tree are given, the
Voting module derives final classification results by a majority voting system. For
example, if more than two classifiers vote for positive class, the document is classified
into the positive class. Otherwise, it is classified into the negative class. Table 13 shows
the example of advertising documents classification. Furthermore, the system inserts

documents into the train set if all three classification algorithm vote for the same class.

4.3. Topic Classification Experiment Results

We have conducted tree types of topic classification experiments: advertising,
opinion and stock related documents as explained in section 4.1. Accuracies of SVM,
Nave Bayes, Decision tree and the final classification results by voting are derived for
each topic as shown in the Figure 15, 16 and 17. Performances of each classification
algorithm vary depending on the topic, as SVM shows the highest accuracy in advertising
and opinion related documents, and decision tree shows the highest accuracy in stock
related documents. The accuracy of the classification results by voting ranges 0.86 to
0.97. It is equal or greater than other classification algorithm in opinion and stock related
documents. In adverting related documents, the accuracy of voting is 0.005 less than the
highest accuracy among the three algorithms. Overall, performance of the proposed

method is promising in that the accuracy shows 0.93 at average.
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Naive Bayes

Predicted class
PDSiﬁve

mI

Negative 96
Actual
Class
Positive 4 94
True/Positive : 0.94
True/Negative : 0.96
Accuracy : 0.95
Voting Results
Negative 98 5
Actual
Class »
Positive 2 95

True/Positive : 0.95
True/Negative : 0.98
Accuracy : 0.965

Figure 15. Accuracy of Advertising Related Documents

Negative 98 35
Actual
Class )

Positive 2 65
True/Positive : 0.65
True/Negative : 0.98
Accuracy : 0.815

Decision Tree
Negative 96 35
Actual
Class .
Positive 4 65

True/Positive : 0.65
True/Negative : 0.96
Accuracy : 0.805

Naive Bayes

Negative
5 49 0
Actual ~ (Notads)
Class -
Positive 51 100
(Ads)
True/Positive : 1
True/Negative : 0.49
Accuracy : 0.745
Voting Results
Negative 96 24
Actual
Class »
Positive 4 76

True/Positive : 0.76
True/Negative : 0.96
Accuracy : 0.86

Figure 16. Accuracy of Opinion Related Documents
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Naive Bayes
Predicted class

0
100

Negative 35
Actual

Class .
Positive 65

True/Positive : 1
True/Negative : 0.35
Accuracy : 0.675

Voting Results

Predicted class

Negative Positive

Negative

Actual ~(Notads)

Class  positive
(Ads)

True/Positive : 0.99
True/Negative : 0.95
Accuracy : 0.97

Figure 17. Accuracy of Stock Related Documents

We checked the accuracies of the algorithms again after the train set was
automatically added. The same numbers of documents as in the initial train set are added
into the train set and the classifiers are re-built by the new train set. Also, we used the
same test set as the first experiment to compare the accuracies. The accuracies of
classification algorithms are slightly different from the first experiment as shown in
Figure 18, 19 and 20. However, the accuracies of classification results by voting are the
same as the first experiment in all topics. These results indicate that documents that are
automatically added into the train set are similar to existing documents in the train set.
For this reason, even if the train set is added by algorithm, the accuracy of algorithm with

new train set remains almost same as the accuracy with the initial train set.



SVM

Negative 99 5
Actual
Class .

Positive 1 95
True/Positive : 0.95
True/Negative : 0.99
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Negative 97 11
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Figure 18. Accuracy of Advertising Related Documents with Automatically Added

Train Set
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True/Positive : 0.64
True/Negative : 0.98
Accuracy : 0.81
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Predicted class
Negative 96 35
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True/Positive : 0.65
True/Negative : 0.96
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Figure 19. Accuracy of Opinion Related Documents with Automatically Added

Train Set
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Figure 20. Accuracy of Stock Related Documents with Automatically Added Train
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5. Sentiment Analysis Using a Probability Model

Documents

-

Sentiment Analyzer

e ——
DB: Sentiment
Lexicon

DB: Sentiment

~

Train set
/ S
Y
w 0y
Sampling and Lexicon Building Senturjen-t
Human Coding Module Categorization
Module
\ J /
. . Positivit ]
Original Document y Sentiment
Score
I love the commercial 0.9 Positive
Well done 0.72 Positive
This is gross 0.40 Negative

Figure 21. Process of Sentiment Analyzer

In this section, we describe the methodology and implementation details of the

Sentiment analyzer. Figure 21 shows the overall process of sentiment analysis on
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documents. First, sample documents for building train set are extracted from raw data set.

The sample documents in the train set are categorized into positive or negative opinions

by human coders. The categorized sample documents are saved into the train set with the

sentiment label. After that, the Lexicon building module scans all categorized sample

documents in the train set and calculates the weighted probability that the document is
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positive opinion if the word is included in a document. The list of words and the
probabilities for each of them are saved in sentiment lexicon. Finally, the Sentiment
categorization module calculates positivity scores for every document and categorizes
whether the documents are positive or negative opinion. To check the accuracy of the
proposed method, we generated a test set which is also categorized in the same way the

train set is made. Details of methodologies are explained in rest of this section

5.1. Sampling and Human Coding

For this research, we collected comments posted on three YouTube videos : Prom
(for Audi), Farmer (for Ram) and Perfect match (for Go Daddy) that aired during the
Super Bowl Game in 2013 which created a lot of buzz on online social networks. Among
the all comments, we randomly selected a total of 3,000 comments, 1,000 comments for
each video. A comment posted on a YouTube video is considered a document in this
system. The documents were categorized as positive or negative opinions by human
coders. Two graduate students were involved in the coding process. We built a data
sample using the documents that both human coders categorized into the same sentiment.
In this process, we excluded documents that have neutral or mixed opinions that have
both positive and negative opinions in the sample documents. The categorized documents

are saved into a train set in the data store.



o1

5.2. Building Sentiment Lexicon

Once sample documents were categorized by human coders and saved into the train
set in data store, the Lexicon building module generates sentiment lexicon. It consists of
word, the number of occurrence in positive documents, and the number of occurrence in
negative documents and probability that a document is positive opinion if it contains the
word, which will be used as base resource to categorize sentiment of documents in the
Sentiment categorization module.

The process of building sentiment lexicon works as follows. First, it reads a
document in the train set. Then it parses the document by word and checks the labeled
sentiment and weight. In the comments on YouTube, a user can add a like or dislike tag,
indicating the degree of user’s agreement on the comments. We use the tags as a weight
point. The number of occurrence for every word in positive and negative documents are
counted and saved into sentiment lexicon. Finally, the probability that the document is
positive opinion if it includes the word is computed for every word and saved into
sentiment lexicon. Figure 22 shows the overall process and example of building
sentiment lexicon using the labeled sample train set. Assume there are three documents in
a train set and each document is labeled as shown in figure 11. If the word like appears in
a document labeled positive opinion, the number of occurrence in positive opinion for the
word is increased by one. If the labeled document has a like tag, the number of
occurrence in positive opinion for the word is increased by two. If the word like appear in
positive opinion twice and negative opinion once, the probability that a document is

positive opinion will be 0.67 if the document includes the word like.
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Labeled Sample Train Set

Documents Sentiment | Weight (like)
I like the commercial Positive 1
Well done Positive 0
[ don’t like godaddy ads It’s gross Negative 0

¥

Parsing message by word and calculate the number of
occurrence in positive and negative message

| like the commercial Positive 2
well done Positive 1
| dont | like | godaddy | ads Its gross negative 1

-

Sentiment Lexicon

# of # of
Word occurrence in | occurrence in | probability
Positive msg | Negative msg

like 2 1 0.67
well 1 0 1.0
gross 0 1 0.0

Figure 22. Example of Building Sentiment Lexicon using Labeled Sample Train Set

5.3. Categorize Comments

Once sentiment lexicon is built completely, Sentiment categorization module
classifies a document into a positive or negative opinion. The document sentence is

represented with vector space model (VSM) where each word in the document and its
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probability in sentiment lexicon are shown together. Then, the positivity score of a

document is computed as follows.

Positivity Score (d) =

RRIUD)
LMoy ®)

In (8), w is each word in a document d and n is the number of words in the document.

P is probability of the word which is saved in sentiment lexicon with the word. Example

of computing positivity score for a comment is visualized in Figure 23.

Word
Vector

Probability
Vector

Sentiment Lexicon
#of # of
Word occurrence in | occurrence in | probability
Positive docs | Negative docs

like 2 1 0.67
well 1 0 1.0
£ross 0 1 0.0

Computing Positivity Score

I like the commercial
0.57+0.67+0.58+0.59/4=
0.57 | 067 | 0.58 0.59 B 0.60

Figure 23. Example of computing positivity score

Once the positivity scores of all documents in train set are computed, Sentiment

categorization module reads them again and computes the threshold of positivity score to

classify the comment as either a positive or negative opinion. The threshold value is

derived by computing mean value of positivity scores for all positive and negative



documents in the train set. The example of computing threshold value is depicted in

Figure 24.

Positive Documents

Negative Documents

document Positivity document Positivity
score score
I like the commercial 0.6 I hate it 0.23
Well done 0.75 This is disgusting 0.49
This is my favorite commercial 0.68 Eww it’s gross 0.43
Average 0.706 Average 0.4514

positivity scores in negative documents) /2 = (0.706 + 0.4514)/2 = 0.5787

-

Threshold = (Average of positivity scores in positive documents + Average of
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Figure 24. Computing Threshold using Positivity Scores of Positive and Negative

Documents

The last step of sentiment analysis is to categorize documents in the test set using the

threshold. The positivity score of each comment in the test set is computed in the same

way as the previous step in the Sentiment categorization module. Then, it classifies the

comment as either a positive or negative opinion. If the positivity score is greater than the

threshold, it is categorized as a positive opinion. Similarly, if the positivity score is less

than the threshold, it is categorized as a negative opinion. The example of classifying

sentiment of comments is visualized in Figure 25.



Test Set
Threshold = 0.58
I like the ads
0.57 0.67 0.58 0.61 0.51+0.67+0.55+0.61/4=0.61
» Positive opinion
Eww It’s gross 0.09+0.52+0.0/3 =0.20
0.09 0.52 0.0 . Negative opinion

Figure 25. Example of Classifying Sentiment of Comments
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Suppose a document “I like the ads” is given as shown in the Figure 5. Each word in

the document is represented with VSM and the probabilities are assigned to each word

(1:0.57, like:0.67, the:0.58 and ads:0.61). Then, the positivity score is computed

according to the (8) and compared with the threshold value. Since the positivity score

0.61 is greater than 0.58, the document is classified as positive opinion. In the similar

way, the positivity score of the second document “Eww it’s gross” is computed,

compared with the threshold, and classified as negative opinion.

5.4. Sentiment Analyzer Experiment Results

Table 14 shows data collection results. We collected the video information and

comments posted under the video on May 26, 2014. We collected a total of 25,003

comments for the videos. For each video, 1,000 comments are selected and used for

building the sentiment lexicon and pre-processing the train data as described in the

previous sections.
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Table 14. Data Collection Results

Video Title Comments Count
Official Ram Trucks Super Bowl Commercial 16683
"Farmer"
Audi 2013 Big Game Commercial - "Prom" 2977
Go Daddy Bar Refaeli Kiss Super Bowl Commercial 5343
2013 - FULL

Table 15 is part of sentiment lexicon. Every word appeared in the comments is saved
in the first column of sentiment lexicon. The number of word occurrence in positive and
negative documents is recorded in the second and third column with the words. The
probability that a document is positive opinion if it contains the word is computed using
the words occurrence in positive and negative documents and is saved in the last column.

As a result, sentiment lexicon was built with total of 739 words with the probability.



Table 15. Sentiment Lexicon

S7

The number of

The number of

Word occurrence in occurrence in Probability
positive message negative message

love 41 0 1
great 35 5 0.87
car 23 4 0.85
pretty 9 2 0.81
all 33 8 0.8
good 17 6 0.73
dad 8 3 0.72
prom 13 5 0.72
my 50 34 0.59
make 11 9 0.55
me 25 22 0.53
not 26 29 0.47
stupid 5 6 0.45
never 6 8 0.42
Kiss 5 9 0.35
why 4 8 0.33
fuck 2 10 0.16
disgusting 1 13 0.07
awkward 1 13 0.07

gross 0 20 0




Table 16. Results of Sentiment Analysis for Comments
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Sentiment by

Positivity Sentiment by
Text(Comment) Score the proposed human coders Results
method

This was the best
commercial! It was so 0.67 Positive Positive Correct
powerful........
Whoever at Dodge
decided to go with this - .
ad is a Goddamn 0.64 Positive Positive Correct
genius!
love love love!!!i 1.00 Positive Positive Correct
Just so touching and | - .
loved this. 0.70 Positive Positive Correct
Ok so I think that just
made me cry a little bit. 0.69 Positive Positive Correct
That was beautiful
VERY uncomfortable . .
and retarded 0.41 Negative Negative Correct
The sound effects
though.. oh goshh eww 0.36 Negative Negative Correct
(/)
No. I hate it 0.47 Negative Negative Correct
AH!I MY EYES 0.59 Positive Negative Incorrect
This is DISGUSTING! 0.49 Negative Negative Correct

To show the accuracy of the proposed algorithm, we labeled a test set in the same

way as the train set is built. Then, the sentiments of documents derived by the proposed

method are compared with the sentiments labeled by human coders as shown in Table 16.

If human coders and the proposed method categorized a document into the same

sentiment, the result is classified as correct. Otherwise, the result is classified as incorrect.

The accuracy of the proposed method is computed as shown in the Figure 26. It shows

that the accuracy of the proposed method is at 86%. However, the accuracy for the
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negative documents is relatively lower than the accuracy for positive documents, which

needs to be considered and improved in future research.

Test Set
Category Positive Message Negative Messages
Topic Correct | Incorrect | Correct Incotrrec
Audi 84 7 7 2
Dodge 80 6 7 7
Go Daddy 7 3 73 17
Total 171 16 87 26

Correct Message / Total Message =258 /300 = 86%

Figure 26. Sentiment Analysis Results and Accuracy of the Proposed Method

To compare performance of the proposed method with other approaches, we applied
F-measure that can be used to compute test’s accuracy [18]. F-measure uses two
measurement degrees; precision p and recall r. P is the number of correct results divided
by the number of all returned results. R is the number of correct results divided by the

number of results. The F1 score is calculated as shown in (9).

recisionsrecall
Fp=2 s DEECSONTEAL 9)

precision+recall
Table 17 shows results of F-measures. F1 score of our approach is 0.890 which is
relatively higher than other approaches. However, it is lower than F1 score of Emoticons

and SentiStrengh. Improving the accuracy needs to be considered in the future research.



Table 17. Comparison of F-Score Results

Method F1 score
PANAS-t 0.737
Emoticons 0.948
SASA 0.754
SenticNet 0.810
SentiWordNet 0.789
SentiStrength 0.894
Happiness Index 0.821
LIWC 0.731
Proposed Approach 0.890
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6. Dynamic Seed Selection

In the previous research [53], we presented a Java-based Twitter data crawler. It
starts the data collection process from initial seed nodes, which are essentially user
accounts. The initial seeds serve as the starting point of the data collection. Upon
selecting seed nodes, it collects tweets the seed nodes wrote, the profiles of seed nodes
and the followers of the seed nodes. Then, it collects the tweets the followers wrote, the
profiles of followers, and followers of the followers, and so on. It repeats this iteration
process until it reaches a pre-defined search depth or it crawls the predefined number of
tweets.

Even though the crawler was able to collect a huge amount of Twitter data for
specific topics, the initial seed nodes used to be selected by humans. The manual
selection of seed nodes would severely damage the quality of crawled tweets. If the
initial seed nodes were not properly selected, a lot of noisy data would be gathered,
which makes data analysis difficult. Moreover, it could collect irrelevant tweets in the
middle of the collection process too, since the crawler never evaluates seed nodes during

the entire collection process.
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6.1. Seed Selection Algorithm

™ ' N
Search candidates of initial .| Order candidates list by the |
nodes " number of followers A
v . S
N s l N
Remove the unqualified | Select the best node from
node from the candidates o candidates
7 . 7

r 3

Is a qualified
node?

Get the initial node’s
followers

!

Select one of users from the
followers

from user’s profile, and

[ Calculate user’s activity
tweets

Collect
tweets at the
ext level?

Is last
follower?

Gather the selected user’s Save collected data into
tweets database

Figure 27. Flow chart of data collection process

Is a qualified
node?

Figure 27 shows the overall data gathering process of the Twitter Crawler with the
Seed handler. First, the Crawler takes a keyword as parameter. Once the Crawler is
initiated, it searches for tweets that contain the keyword by use of the search() method in

Twitter Java API. The search() method returns the most recent 15 tweets that contain the
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keyword. The 15 user accounts who wrote the tweets become the candidates for an initial
node and are saved in a list. When the list of candidates is built, the algorithm calculates
the activity weight of each candidate, and the list is sorted by the number of followers of
each candidate. The first node that has the biggest number of followers in the list and
also is a qualified node will be the initial node. If the first node in the list is not qualified,
it checks the next available node to see if the node is qualified. Rebuilding a new list of
candidates is needed if all candidates are not qualified. Once an initial node is selected,
the crawler collects all followers of the initial node and get various information on initial
node’s followers such as each follower’s unique id, language, number of followers,
number of friends, etc. The activity weight of each follower is calculated.

If a follower is qualified, the tool collects all tweets the follower wrote and its
followers will be saved for the next level search. It iterates this process until there is no
more follower in the list.

The profile of a Twitter user has several properties that include the number of
followers, the number of friends, the number of keyword-related tweets, the date tweeted,
and the favorite count. Among them, we use the number of followers, the number of
keyword-related tweets, and date tweeted as the main factors for calculating user’s

activity. Figure 28 shows the algorithm of calculating user’s activity.
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Notation: T is a set of tweets that are posted by a user over the last 30 days. K is a

string variable containing a keyword. W represents the user’s activity weight. M

indicates the number of tweets, and N represents the number of tweets containing the
keyword W.

' M «— T.size;

N« 0;

:forIfromOto M

if the tweet T[I] contains the keyword K then
: N«— N+1;

: endfor
:if M is not 0 then
W «— N/M;

ONOAWNRE O

Figure 28. Algorithm of calculating user’s activity weight

We believe that organizing user nodes by each node’s activity weight allows us to
discover the seed nodes that have the significant influence on the keyword. Also note
that during the data collection process, the ordered list of the nodes dynamically changes

due to the dynamic nature of the seed selection algorithm.

6.2. Seed Selector Experiment Results

Using the real Twitter data, we have conducted a performance evaluation of the
presented algorithms. The experiments took place from Dec. 2013 to March 2014 in the
United States of America. The objectives of the experiments are two-fold: to empirically
determine the good value of the activity weight, and to compare the effectiveness of our

algorithm in comparison with the manual selection of seeds.
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The activity weight of a user represents how often the user writes tweets relevant to
the given keyword. Deciding the activity weight is important for efficient collection of
relevant tweets. If the activity weight is too low, the number of collected tweets tends to
increase, but the number of relevant tweets tends to be low (i.e. low precision). If the
activity weight is too high, the number of collected tweets tends to decrease, but the
number of relevant tweets tends to be high (i.e. high precision).

We conducted an experiment to empirically derive what value of the activity
weight would work out well in terms of collecting relevant tweets. The president of
USA, Obama, has been chosen as a keyword to build a dataset for analysis. In this
experiment we crawled the Twitter data, changing the activity weight from 0.0 to 0.6.
increasing by 0.1. Figure 29 shows the experiment result. There are two bars in each
column. The left bar indicates the number of all collected tweets, and the right bar
indicates the number of relevant tweets. The number of all collected tweets significantly
falls down as the activity weight increases. The number of relevant tweets reaches the
peak point with the activity weight 0.2, though the activity weight 0.1 performs similarly.

For the rest of experiments, we maintained the activity weight to be 0.2.
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Figure 29. Activity Weight versus Crawling Effectiveness

For the second objective, two different types of data gathering approaches were used.
One approach is to use the seed selection algorithm we propose, and another one is to use
initial nodes manually selected by human specialists. We determined a tweet to be
relevant if the tweet includes the given keyword. If not, it is treated as irrelevant.

For the former approach, we searched for tweet accounts (nodes) that posted tweets
containing the given keyword in the last 30 days by Twitter API. The returned nodes
were saved in a list. For saved nodes, we calculated the activity weight of each node by
use of the algorithm at Figure 3. Then we sorted the nodes by the number of followers in
a descending order, and checked if the first node is qualified (here the threshold was 0.2).

Once we selected the initial seed node, we collected all the followers of initial seed nodes
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and calculated the activity weight of all followers. If the activity weight of a follower is
greater than the predefined threshold (0.2 in our experiment), we collected the tweets the
follower wrote. We repeated this process until there is no more follower in the list. For
the latter approach we manually selected the tweet account as the initial seed node and
started the collection process with the seed node. In our experiment, the depth of crawling

was set to two for fast crawling.

Table 18. Effectiveness comparison of seed selection methods

Barack Masters same sex
Keyword _ healthcare
Obama 2014 marriage
All tweets 2119 3503 1483 1483
Manual seed
selection keyword related 5 . : ;
tweets
Our seed All tweets 7897 4924 8015 7486
selection [ evword related
. 801 279 1248 228
algorithm tweets

We conducted this experiment four times, changing the keyword each time. The
keywords we chosen are "Barack Obama", "Masters 2014", "same sex marriage" and
"healthcare" that were frequently popped up in media at the time of this writing. We
totally crawled eight sets of tweets (four keywords and two seed selection methods), and
analyzed them. Table 18 shows the results. The "all tweets" field indicates the number
of all tweets collected by an approach. The "keyword related tweets" field indicates the

number of tweets that contain the topic related keyword. In overall, the number of
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related tweets collected by the seed analysis algorithm is much greater than that of the
manual seed selection approach in all cases.

Figure 30 shows the percentages of keyword related tweets in all cases. The
percentages of keyword related tweets are 0.24%, 0.49%, 0.34% and 0.2% respectively
when the seed nodes are manually selected by specialists. However, the percentages of
keyword related tweets are increased to 10.14%, 5.67%, 15.57% and 3.05% respectively,
when the tweets are collected with the seed selection algorithm we proposed. In general,
the average percentage of keyword related tweets increases from 0.31% to 8.61% with
the seed selection algorithm. Those results clearly show that the seed analysis algorithm
outperforms the manual seed selection in terms of collecting related tweets.

Our experiment results also show that the current method works better than the
previous method [54] in terms of the effectiveness of subject-oriented tweet crawling.
The current method exhibits even twice being effective for some keywords. We believe
that the proper value of the activity weight could be mainly attributed to such

enhancement.
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Figure 30. Graphical effectiveness comparison
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7. Case Study: Data Analysis in the view of Mass Communication

7.1. A Longitudinal Analysis of Twitter Use Pattern

This study aims to address the question of how people use Twitter and the power of
Twitter in creating consumer interest in brands and commercials. Another area that we
are interested in this study is to examine the level of interactivity among Twitter users. In
other words, whether or not people who post messages on Twitter is just posting or
actually interacting with other people. Having social interaction has been identified as
one of major motivations to use the media. At the same time, it was reported that the
interactivity among Twitter users is lower than the expectation. Recently, many
companies or web sites provide us with Twitter based advertising service and business
solution. Those companies tend to generate tweets automatically for marketing. Therefore,
the following research questions have been addressed by examining tweets exchanged
during the Super Bowl games from 2012 to 2014.

1. What types of messages are mostly exchanged on Twitter about Super Bowl
commercials? Do people posting on Twitter engage in conversation with
others?

2. How do Twitter users post tweets? What kinds of devices or platforms do
they prefer in using online social network?

3. Which brands have generated more traffic and buzz on Twitter? Is there a
difference between private/personal websites and commercial/non-personal
business sites? Do tweets from business related web sites affect the overall

traffic for certain brands?
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7.1.1. Methods

The study period was the three weeks over the Super Bowl game in each year; one
week before and two weeks after the Super Bowl (Jan. 29, 2012 to Feb. 19, 2012; Jan. 27,
2013 to Feb. 17, 2013; Jan. 26, 2014 to Feb. 16, 2014). This study period was chosen to
include all tweets related to the topic since marketers release their ads on social media
sites (e.g., YouTube) prior to the actual broadcast of the game in hopes of creating more
buzz, and Twitter traffic is typically higher than average for a few weeks after, as the
lingering impact of the advertising continues.

Data “Population” and “Sample” for the Analysis: Data “Population” includes all
tweets exchanged from one week before the Super Bowl game day to two weeks after the
game day (Jan. 29, 2012 to Feb. 19, 2012; Jan. 27, 2013 to Feb. 17, 2013; Jan. 26, 2014
to Feb. 16, 2014). Out of this data set, “sample” is consisted of Super Bowl commercial
related tweets. A Super Bowl commercial tweet was retrieved from this “population” by
using key words, such as “Super Bowl,” “Super Bowl commercials,” “ads,” and any
company/brand name or commercial ‘titles” that were broadcasted on each of three Super
Bowl games. For example, key words such as “Pepsi”, “Soundcheck”, “Bud Light”,
“Epic Night”, “Jeep”, “Restlessness”, “Hyundai”, “Sixth sense”, “H&M”, “Davis
Beckham”, “Super Bowl” and “NFL” were used. The unit of analysis was every single
tweet identified by the aforementioned search terms within the study period. Overall, the
sample consisted of 3,207 tweets relating to Super Bowl commercials.

To address RQ1, we analyzed message types of data sample by year and percentages
of tweets that exchanged between users. Message types of a tweet vary depending on the

how a user posts the tweet on Twitter. By following the typology suggested by [55][56],
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we classified each tweet in data sample as three categories; Singleton, Retweet, and
Reply. A Singleton is classified as an undirected message, where no specific recipient is
suggested. Hence, when a user posts a tweet without referring to other users or tweets, we
classified it as Singleton. When a user sends a tweet by reposting someone else’s tweet,
it’s called Retweet and was identified by the prefix “RT.” When a user posts a tweet by
referring to another user with @ sign, it is considered a Reply. A Reply tweet is different
from other categories in that it sends a tweet to a specifically designated person. Thus,
among these three types, a Reply is considered a high-level message exchange between
users. On the other hand, a Retweet can be considered a lower-level message exchange
between users in that a user simply reproduces a tweet written by another user without
further adding his/her own messages. For the reason, we examined the percentages of
Retweet and Reply in the data sample to analyze the degree of the message exchanges
between users. The higher percentages of Reply will indicate message exchanges at a
higher level among tweet users than the higher percentages of Retweet or Singleton.

To address RQ2, a tweet was coded for the type of medium used to post. Twitter
provides the name of the platform which contains specific uniform resource locator
(URL) information, showing how each tweet was posted. Three graduate students were
involved in the URL classification process. About 99.8% of all tweets were generated
from top 600 URLs. All URLSs are sorted by the tweet count generated from them and
saved into a list. They visited the top 600 URLs in the list as the tweets generated from
the 600 URLSs that account for most tweet traffic (99.8% of total tweets). Then, we
categorized sample tweets into two types: mobile and desktop. Then, mobile is further

classified into three categories: as a Twitter official application for a specific device (e.g.,
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for iPhone or Android), Twitter official mobile web and other mobile application. The
tweets posted through the desktop are further classified into two categories: a Twitter
official web and a 3rd party web (unofficial Twitter-related websites). We counted the
number of sources and tweets generated from each of them to understand the device and

platform preference used in posting tweets as shown in the Table 19.

Table 19. Example of Source and Tweet Count

Source Tweet count
<a href="http://twitter.com/download/iphone" 569,018
rel="nofollow">Twitter for iPhone</a>
<a href="http://twitter.com/download/android" 352,537
rel="nofollow">Twitter for Android</a>
web 311,690
<a href="http://blackberry.com/twitter" rel="nofollow">Twitter for 74,061
BlackBerry</a>
<a href="http://twitter.com/#!/download/ipad" 53,637
rel="nofollow">Twitter for iPad</a>
<a href="https://twitter.com/download/android" 47,635
rel="nofollow">Twitter for Android</a>
<a href="http://www.facebook.com/twitter" 38,717
rel="nofollow">Facebook</a>
<a href="http://twitter.com/tweetbutton" rel="nofollow">Tweet 28,119
Button</a>
<a href="nhttps://mobile.twitter.com" rel="nofollow">Mobile Web 24,154
(M2)</a>

<a href="http://instagram.com" rel="nofollow">Instagram</a> 22,894
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To address RQ3, the sources of tweets were further examined to identify whether
they are from business-related (non-personal sources for profit) sites. As Table 20
indicates, tweets from “Other mobile application” and from “a 3rd party web desktop” (a
total of 600 sources) were further coded into two categories: business and non-business
source (personal, individual source). Here, a business source means a web site domain
that provides Twitter related business advertising or analysis services. We counted the
number of tweets generated from business sources and none-business sources.

In addition, we examined the number of words appeared in each category and listed
top 10 frequently used brand names that aired on the Super Bowl 2014. Then, the lists of
top frequently used word by group are compared with a survey from Ad Meter to see the

difference between two groups and how they are differ from the survey results.
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Table 20. Categories of Tweet Source Type

Categoryl | Category2 | Category 3 Example source
Mobile Twitter - - <a href="http://twitter.com/download/iphone"
official rel="nofollow">Twitter for iPhone</a>
application ‘ .
for a - <a href="http://twitter.com/download/android"
specific rel="nofollow">Twitter for Android</a>
device (for
iPhone or
Android)
Twitter - - <a href="https://mobile.twitter.com"
official rel="nofollow">Mobile Web (M2)</a>
mobile web ] )
- <a href="https://mobile.twitter.com"
rel="nofollow">Mobile Web (M5)</a>
Other Business | -<a href="http://apps.studiohitori.com/twitrocker"
mobile source rel="nofollow">TwitRocker2 for iPad</a>
application
<a href="http://www.tweetroapp.com"
rel="nofollow">Tweetro+ for Windows 8</a>
Other <a href="http://instagram.com"
rel="nofollow">Instagram</a>
<a href="http://www.apple.com"
rel="nofollow">10S</a>
Desktop Twitter - - web
Official
web
3rd party Business | - <a href="http://unfollowers.com"
web source rel="nofollow">Unfollowers.me</a>
_<a
href="https://about.twitter.com/products/tweetdeck"
rel="nofollow">TweetDeck</a>
Other -<a href="http://www.facebook.com/twitter"

rel="nofollow">Facebook</a>

-<a href="http://www.hootsuite.com"
rel="nofollow">HootSuite</a>
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7.1.2. Experiment Results

A total of 1,413,524 tweets in 2012, 2,079,902 tweets in 2013 and 1,852,181 in 2014
were retrieved during the study period (before one week- and after two weeks of the
Super Bowl game day (February 5, 2012, February 3, 2013 and February 2, 2014). Out of
these tweets, we analyzed only Super Bowl commercial related tweets: a total of 35,187
tweets in 2012, 34,350 in 2013, and 3,207 in 2014.

As Table 21 indicates, the overall number of Super Bowl related tweets were
smaller in 2014, and the portion of commercial related tweets in 2014 was significantly
decreased to 0.17%, compared to 2.49% in 2012 and 1.65% in 2013. It seems that there
are fewer discussions on Twitter about Super Bowl commercials in 2014, compare to two
previous years.

Table 21. Data population and sample by year(2012~2014)

Category 2012 2013 2014
Data 1,413,524 2,079,902 1,852,181
population
Data 35,187 34,350 (1.7%) 3.207 (0.2%)
sample (2.5%)

The first research question asked what types of messages were mostly exchanged on
Twitter for commercial related tweets. Table 22 shows the number tweets by message
type. Over the past three years from 2012 to 2014, the most popular message type was
Singleton (accounting about 61-72%), followed by Retweet (accounting for about 17-
26%), and Reply (accounting for about 2%-13%). Even if each year showed a different

portion of each message type, the overall pattern was consistent. The percentages of
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Retweet are consistently increased from 2012 to 2014 while the portion of Reply tweets
out of total tweets analyzed has been significantly decreased. In 2012 and 2013, Reply
tweets accounted for 12.41% and 10.82% of the sample tweets, respectively. .However, it
was significantly decreased to 2.12% in 2014. These differences were statistically
significant (¥2=766.01, df = 4, p <.0001), which implies the difference of tweet type is
dependent on year. People post tweets about a topic on Twitter if they are interested in it.
In the sense, people’s interests in Super Bowl commercial were decreased in 2014. These
results suggest that people’s interests in a topic is proportional to tweet exchange about a

topic.

Table 22. The Number of Tweets by Message type

2012 2013 2014
Singleton 534,990 763,470 778,726
(37.8%) (36.7%) (42%)
Retweet (RT) 423,138 727,717 743,926
(29.9%) (35%) (40.2%)
Reply (@) 455,396 588,715 329,529
(32.2%) (28.3%) (17.8%)
Total 1,413,524 2,079,902 1,852,181

(02=766.0, df = 4, p <.0001)

RQ2 intended to find tweets posting method; how users post tweets and the device or
platform that they use. As Table 23 shows, Twitter users used mobile devices (66.0%)
more than desktop computers (34.0%) when they post tweets. Even if there are more
sources for Twitter posting in desktop computers (473 sources, 78.8%) than in mobile

devices (127 sources, 21.2%), two thirds of all posted tweets were by mobile devices.
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This result indicates that people prefer mobile devices to desktop devices when they post

tweets.

The next row shows the number of tweets generated from each device category.

1,218,497 tweets are posted from a mobile device and 629,160 tweets are generated

posted a desktop device. Although the number of sources related to a mobile device is

lower than desktop, the number of tweets generated from a mobile device is considerably

higher than a desktop. However, the percentage of tweets generated from mobile device

in data sample is relatively lower than the percentage in data population. Likewise, the

percentage of tweets generated from desktop device in data sample is relatively higher

than percentage in data population. We applied chi-square test on the number of data

population and sample by devices. The result shows that these differences between data

population and sample by device were statistically significant (y2=713.5, df =1, p

<.0001).
Table 23. The Number of Source and Tweets by Device Type
Type Mobile Desktop Total
The number Of 127 473 600
sources (21.2%) (78.8%)
The number of data
tweets) (66%) (34%) Y
The number of data
sample 1,298 1,727 3005
(Commercial related (43%) (57 %) ,

tweets)
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Once a device type was identified, we examined the platforms that people used to
post tweets as shown in Table 24. Among the all five source types, “Other Web Pages”
category was the top category, followed by the “Other Mobile Application”, accounting
for 75.8% and 18.8%, respectively. However, the majority of tweets have been generated
from “Mobile Twitter App for a specific device” (60.7% of all tweets) and “Twitter
Official Web” (18.6%). Even though there are many applications or web pages where
Twitter functionalities are integrated, the majority of people prefer Twitter official web
page or Twitter mobile application to post tweets. However, trends of tweets source in
data sample are considerably different from those in data population. The percentage of
tweets generated from “Mobile Twitter App for a Specific Device” category in data
sample is significantly decreased when compared with the percentage in data population.
Furthermore, the percentage of tweets generated from “Other Web Page Category” in
data sample has risen more than twice as much as the percentage in population. We also
applied the Chi-square test on the number of data population and sample by source. The
result of the test demonstrates that these differences between data population and sample
by source were statistically significant (y2=1754.5, df =4, p <.0001). These results
indicate other web page category highly affects the traffic of commercial related tweets
rather than Mobile Twitter App for a specific device category does. There is also a
chance that some commercial related tweets are posted by Twitter business related sites
that automatically post tweets or re-tweets for the marketing purpose in that other web
page category includes all business related sites. The effects of the Twitter business
related sites on traffic of data population and sample will be investigated in the next

section.
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Mobile Twitter Tw1tFer Othc?r Twitter Other Web
Type App for a Official Mobile Official Web Paces
specific device|Mobile Web| Application g
The number of 9 5 113 18 455
source (1.5%) (0.8%) (18.8%) (3%) (75.8%)
The number of
data 1,121,273 35,743 61,481 343,999 285,161
population (All|  (60.7%) (1.9%) (3.3%) (18.6%) (15.4%)
tweets)
The number of
data sample 1,092 20 186 460 1,257
(Commercial (36.2%) (0.7%) (6.2%) (15.3%) (41.7%)
related tweets)
(x2=1754.5, df = 4, p <.0001)

RQ3 asked to identify the most popular brand names that were mentioned on Twitter

during the Super Bowl 2014. Also, we want to find out whether profit-oriented, private

business websites were successful in generating more traffic for these popular brand

names.

Table 25 shows top commercial brand name in Super Bowl 2014 from all sources.

Out of 58 brands that mentioned on Twitter, Budweiser was the most mentioned brand

name in tweets exchanged during the study period as a total of 873 tweets contain the

keyword “Budweiser”. Next brands were “Ford,” “Coca Cola,” Microsoft, and Doritos.

We compared the brand names listed in Table 25 with Super Bowl commercial rankings

measured by Ad Meter as shown in Table 26. The comparison yields five overlapping

brand names out of ten, such as Budweiser, Coca Cola, Microsoft, Doritos, and Pepsi.
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Since Ad Meter is more based on the audience’s perception of strong creative elements,

we do not expect the perfect overlapping.

Table 25. Top Commercial Brand Name in Super Bowl 2014 from All Sources

Rank Company ;l;:;v:ﬁi Percentages
1 budweiser 873 28.9%
2 cocacola 683 22.6%
3 maserati 505 16.7%
4 doritos 318 10.5%
5 pepsi 193 6.4%
6 microsoft 146 4.8%
7 ford 131 4.3%
8 chrysler 121 4.0%
9 Kia 91 3.0%
10 audi 62 2.0%

Table 26. Super Bowl Commercial Ranking in 2014 by AD Meter

Rank Company Spot Quarter Score
1 Budweiser Puppy Love 4 8.29
2 Doritos Cowboy Kid 4 7.58
3 Budweiser Hero's Welcome 3 7.21
4 Doritos Time Machine 1 7.13
5 Radio Shack Phone Call 1 7
6 Hyundai Sixth Sense 1 6.87
7 General Mills Gracie 1 6.75

Cheerios
8 Microsoft Technology 4 6.65
9 Coca Cola Going All the 4 6.42
Way
10 Pepsi Soundcheck HT 6.3
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When we analyzed the tweets generated only from profit-oriented, business sources
interesting findings emerged as shown Table 27. First, Doritos was not mentioned at all
in the list while Doritos was made in top 10 AD Meter list. Second, Pepsi was the most
mentioned brand through these business sources while Budweiser was the top brand in
Table 25 and Table 26. Pepsi was ranked on the 5th in Table 25 and was at the bottom in
Table 26. Third, three brands names (Chrysler, CarMax, and Kia) that did not appear on
Table 27 were made in the top 10 list by business sources. Overall, we found that the
keyword rankings in tweets generated from business sources are different from those
generated from all sources and on Ad Meter rankings. It implies that those brands in

Table 27 were intentionally pushed by marketers to create social buzz on Twitter.

Table 27. Top Commercial Brand Names in Super Bowl 2014 from Twitter Related

Business Sources

Rank Company Tweet Percentages
Count
1 pepsi 86 16.7%
2 cocacola 62 12.0%
3 budweiser 61 11.8%
4 chrysler 40 7.8%
5 audi 30 5.8%
6 maserati 29 5.6%
7 dannon 26 5.0%
oikos
8 microsoft 25 4.8%
9 bank of 21 4.1%
america
10 carmax 20 3.9%

In this study, we identified 84 sources that are associated with Twitter business and

advertising. As shown in the Table 28, only 6.1% of tweets were generated from business
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sources while the majority of tweets (93.9%) were generated from non-business sources.
This indicates that tweets from business sources do not affect overall traffic of Twitter
and they tend to post commercial and business related tweets rather than normal tweets.

Table 28. The Number of Sources and Tweets by Business and None-Business

Category
Type Non-business Business
The number of source 516 (86%) 84 (14%)

The number of data

population (All 1,847,657 (93.9%) 119,547 (6.1%)
tweets)

The number of data

sample (Commercial 2,509(82.9%) 516(17.1%)

related tweets)

This study aimed to address how interests in a topic affect tweets exchanges about
the topic, what kinds of device people prefer to post tweets and how tweets generated
from business related sources affect overall traffic of Twitter. Instead of relying on the
audience’s response (e.g., survey or experiment) or traditional content analysis, this study
used a data-mining approach and software that are widely used in the computer science
field.

We collected all tweets that were exchanged one week before and two weeks after
Super Bowl 2012, 2013 and 2014 and classified them as “Population”. Out of this data
set, the Super Bowl commercial related tweets were retrieved and classified as “Sample”.
To address RQ1, we examined percentages of data sample in 2012, 2013 and 2014, and
ratio of tweet exchange between users. We found that tweet traffic about Super Bowl

commercials is significantly decreased in 2014. Also, ratio of direct message exchange
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also is significantly decreased in 2014. From the results we found that tweet exchanged
between users about a topic is proportional to interests in the topic.

The second research question intended to address device or platform preference of
users on Twitter. We analyzed the source information that is provided with tweet to
address the question. We found that people prefer mobile device to desktop when they
post tweets. We also found that people still prefer official web page and mobile
application provided by Twitter even though there are lots of application or web pages
available where Twitter functionalities are integrated. In addition, we found commercial
related tweets posting are more affected by other web pages category than the other
categories. We concluded that there is a chance that some commercial related tweets are
posted by Twitter business related sites that automatically post tweets or re-tweets for the
marketing purpose since other web page category includes all business related sites.
Thus, we investigated the effects of Twitter business related sites on traffic of data
population and sample in the last experiments.

Third research question intended to examine effects of Twitter based advertising
service and business solution on overall trends and traffic of Twitter. We analyzed tweets
generated from business related sources to address to question. We found that tweets
from business source do not affect overall traffic of Twitter and they tend to post
commercial and business related tweets rather than normal tweets. The finding also
shows trends of the tweets generated from business sources are affected by the companies
that intentionally advertise products or companies but they do not affect top commercial

brand names and overall trends of Twitter.
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7.2. Users’ Spatial Twitter Usage Patterns

These days, Twitter message production patterns have been investigated by other
research. However, the Twitter users’ spatial usage patterns have not been studied in
depth because of the limited information of user’s profile in Twitter. For this reason, this
experiment explores the Twitter users’ spatial usage patterns and how these patterns are
related to real world phenomenon using users’ profile and following-follower relationship
with the companies that broadcasted their commercials during Super Bowl 2012. The
following research questions have been addressed by this experiment.

1. How people prefer car company brand? Do the brand preferences vary
depending on the state and reflect real world phenomenon?
2. Are there any association rules between brand preference and regional

information?

7.2.1. Methods

To address RQ1, we have collected tweets exchanged one week before and two
weeks after the Super Bowl (Jan. 29, 2012 to Feb. 19, 2012). First, location and followers
information were extracted from users’ account that wrote the tweets. Second, we
retrieved users’ accounts that follow at least one car company and location field
information from the user’s account. The location field in Twitter accounts allows users
to enter string format data. Twitter users usually fill out state information in their location
field. For this reason, we filtered the location field information and classified users into
50 U.S state category. Figure 31 shows the example of filtering users’ location field to
find users who live in California. If the location field of a user contains “,CA”, ¢, CA”, or

“California”, we assumed that the user lives in California. Also, we excluded users whose
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location field contains “CANADA” in their location field. The number of users by each
state were extracted in a similar way as users who live California were extracted. In
addition, these users were classified into the 11 car company categories based on their
follower information to analyze brand preference for the companies by state.

To address RQ2, we assigned additional features to state brand preference data that
were used in the first experiment. First, all U.S states were divided into nine divisions
(Division 1: New England, Division 2: Mid Atlantic, Division 3: East North Central,
Division 4: West North Central, Division 5: South Atlantic, Division 6: East South
Central, Division 7: West South Central, Division 8: Mountain, Division 9: Pacific) as
shown in Figure 21. Apriori algorithm was applied to the data that were featured with the

region and brand preference ranking information to find association rules.

Fiter: O | Bport L | A
i USERID  LOCATION :
)E 100012034  los angeles, ca
Qe |78 00 B < Q1 :
............................................................................ o * 100862002  San Francisco.CA
1 e I SELECT U.USERID, LOCATION FROM TBL_FOLLOWERS R : :
2 i INNER JOIN TBL_USER U ON R.USERID=U.USERID : 1 101253269 Ontario. Canada
3 I INNER JOIN TBL_RELATIONSHIP S ON S.USERID=U.USERID : ' 101253269  Ontario. Canada
4 I WHERE : . ;
s i U.LOCATION LIKE : 1/101341285  CandyMountain, Calfomia
6 :  OR U.LOCATION LIKE : 1|101341285  CandyMountain, Calfomia
7 OR U.LOCATION LIKE : : =
8 : AND U.LOCATION NOT LIKE A i /10218962  Dana Point, Caifomia!
9 [ AND (S.SEEDID = 24277513 1110218962  Dana Point, Calfomia!
10 1 OR S.SEEDID = 27650674 - : :
IT 4 OR S.SEEDID = 6640805 : 11022841 These days? Santa Barbara. CA :
12 % OR S.SEEDID = 663957 : 11102574438 Gnarstow. CA. USA
13 1 OR S.SEEDID = 67 H : -
14 OR S.SEEDID = 43 1102619617  San Pedro Calfomia
15 1 OR S.SEEDID = 2t 1102092230 L ca
16 i OR S.SEEDID = : 200008
17 1 OR S.SEEDID = = 1103092230  Los Angeles. CA
18 { OR S.SEEDID = 14 11103092230  Los Angeles, CA
19 & OR S.SEEDID = 281 : o ;
: +/103390412  San Diego. CA
.............................................................................. .
+ 103727031  Los Angeles, Calfomia
10004330309, LosAngeles. CA. . .uieerreant

Figure 31. Filtering User Location Field (Find users who live in California)
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Table 29 shows the number of followers to 11 car companies that advertised their

commercials in Super Bowl 2012. The number of followers of the companies was

categorized by U.S states again. Overall, the number of total users in each state reflects

population in it. Brand preferences of the companies in the all U.S states were visualized

in Figure 32.

Table 29. Number of followers to 11 car companies in U.S state.

Toyot Kia Acur Hyu_n Audi \v/v(;lglj(; Hond Lexus Chev | Cadil | Chry Total
a a dai n a rolet lac sler

AL 59 111 63 87 53 43 58 54 101 74 73 776
AK 12 7 3 11 8 2 6 6 12 6 3 76
AZ 109 96 84 109 98 83 76 81 138 84 96 1054
AR 57 67 41 50 83 56 49 61 101 61 61 687
CA 846 660 801 779 731 610 656 580 695 569 664 7591
CcO 143 99 110 132 147 107 103 95 137 101 130 1304
CT 36 42 58 32 34 38 34 33 43 34 35 419
DE 25 25 20 22 28 25 19 24 31 23 25 267
FL 293 412 300 293 321 287 236 272 386 285 312 3397
GA 152 272 117 136 134 117 104 119 195 120 145 1611
HI 16 20 16 15 16 10 14 11 16 8 10 152
ID 14 15 12 12 14 15 9 9 16 14 18 148
1L 155 173 147 162 153 146 128 143 206 173 207 1793
IN 180 143 111 158 211 166 176 179 231 165 165 1885
1A 76 94 67 62 51 59 64 48 123 72 100 816
KS 75 95 71 67 70 56 51 63 115 73 76 812
KY 46 49 39 39 37 41 35 37 70 40 41 474
LA 41 62 27 45 42 29 23 35 50 30 41 425
ME 38 27 21 24 54 43 28 27 58 33 59 412
MD 73 96 80 72 66 67 61 64 80 56 63 778
MA 147 142 148 119 151 115 138 138 161 124 149 1532
MI 356 300 190 310 314 318 243 199 583 493 | 1040 | 4346
MN 52 61 54 52 50 46 57 44 77 56 71 620
MS 12 44 9 13 14 10 11 21 33 19 11 197
-aI—IOt 5182 | 5863 | 4833 | 4926 | 5140 | 4556 | 4284 | 4241 6540 [ 4809 | 5980 | 56354
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Figure 32. Brand Preference of 11 Car Companies in the U.S.

Figure 33 compares brand preferences in all U.S. states with that of Michigan,
Georgia and Alabama where Chrysler, Kia and Hyundai manufactures are located. The
average brand preference for Chrysler in all U.S states is 11%. However, the average
brand preference for Chrysler in Michigan is higher than the average by 218% as it
accounts for 24%. Also, the average brand preferences for Kia and Hyundai in Georgia
and Alabama are higher than average brand preferences to the companies. Overall, the
average brand preference for a car company in a state where the manufacturer of the
company is located is higher than the average of brand preference in all U.S state. These

results indicate that those brand preference data reflect a real world phenomenon.
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Figure 33. Comparison of Brand Preference in all U.S. State with Michigan, Georgia

and Alabama

To apply association rules, region information is assigned to each state as shown in
the Figure 34. Then, Apriori algorithm is applied as explained in the section 7.2.1.
Following is the list of association rules, confidence of which is greater than 0.75.
Overall, people who live in west north central (Division 4) prefer Chevrolet mostly. Also,

people who live in south Atlantic prefer Kia.
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Figure 34. Region of the U.S

» There are 7 states in region D4 ==> The first brand is Chevrolet in 7 states,

confidence : (1)

» There are 5 states in which the second brand is Chevrolet and region is D5, ==>

The first brand is Kia in 5 states, confidence : (1)

» There are 9 states in region D5 ==> The first brand is Kia in 7 states, confidence :

(0.78)
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8. Conclusions

In this paper, we have proposed an integrated social networks data collection,
management and analysis system, and specific analysis methods for topic classification
and sentiment analysis. In order to study the broad spectrum of social networks, we have
developed the Data Crawler that collects data from three source channels, Twitter,
YouTube and New York Times. The Term extractor, Topic Classifier and Sentiment
Analyzer are integrated into the Analyzer to pre-process documents collected from social
networks. We also integrated the Hadoop into the system to manage huge volume of data
efficiently.

We developed Topic classifier using several machine learning algorithms and voting
systems. The Topic Classifier trains existing topic related documents using SVM, Nalve
Bayes and decision tree and classifies new document using voting results of the three
classifiers. We tested the accuracy of the Topic Classifier using three types of topic
related documents; advertising, opinion and stock. The experiment results show 0.93 of
accuracy at average. The Topic Classifier was used to select additional documents for
train set. After the automatically selected documents are added into train set, the accuracy
of the Topic Classifier were tested again. The experiment with new train set was also
successful in that the accuracy of algorithm with new train set remained almost same as
the accuracy with initial train set.

We developed a sentiment analysis algorithm using a probability model that
guarantees relatively higher accuracy than existing approaches with broader application.
The result shows that the proposed approach outperforms most existing sentiment

analysis approaches in terms of accuracy. In addition, the proposed approach was
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implemented only using text information without requiring any additional information.
This proposed approach, however, has a limitation that requires preprocessing of sample
text documents by human coders. We will investigate a fully automated sentiment
analysis method in the next research, and continue to work on improving the accuracy
rate of a proposed method.

We proposed a seed account selection algorithm in order to effectively collect
Twitter data relevant to given keywords. The algorithm evaluates user’s activities and
updates the seed nodes dynamically. In our experiments, we compared two approaches
with real Twitter data, one using the proposed algorithm and one relying on human
experts. Our experiments show that the proposed selection outperforms the manual
selection in terms of crawling relevant tweets. The beauty of a subject-oriented crawler is
to get a sufficient number of relevant tweets in a reasonable time. As a future work, we
plan to work on the scale-ability of the Crawler. The Crawler should be scale-able
enough to crawl a vast amount of Twitter data by adding necessary resources (such as
servers). Moreover, we determined a tweet to be relevant to given keywords if the tweet
has the keywords in the message. It is worth investigating "being relevant” in the future
research. We believe that notable techniques (such as the vector model) commonly
employed in the field of information retrieval could be adapted in Twitter crawlers. We
leave this issue as a future work.

Additionally, we conducted interdisciplinary research on social networks data
analysis with mass communication department. Documents about Super bowl
Advertising have been examined using statistical analysis techniques. We found several

interesting facts about social networks phenomenon. Many social networks analysis
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results coincide with real world facts. We concluded that social network analysis results
can be used as reference data to predict real world phenomenon.

Contributions of this paper are summarized as follows. First, this study suggested
Hadoop based data architecture and system to manage and analyze a huge amount of data
generated from social networks. Second, we proposed automatic data crawler that
collects documents from multiple source channels. Third, we proposed a topic classifier
and a sentiment analysis algorithm based on term based features and probabilistic model,
which guarantees higher accuracy than other approaches. Fourth, we proposed a dynamic
seed selection algorithm that allows us to collects documents relevant to certain keywords
in Twitter. Lastly, we applied data in social networks and data analysis techniques to the

analysis in other domain.
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