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Twitter is a microblogging website, which has di®erent characteristics from any other social

networking service (SNS) in that it has one-directional relationships between users with short

posts of less than 140 characters. These characteristics make Twitter not only a social network
but also a news media. In addition, Twitter posts have been used and analyzed in various ¯elds

such as marketing, prediction of presidential elections, and requirement analysis. With an

increase in Twitter usage, we need a more e®ective method to analyze Twitter content. In this
paper, we propose a method for content analysis based on the in°uence of Twitter content. For

measuring Twitter in°uence, we use the number of followers of the content author, retweet

count, and currency of time. We perform experiments to compare the proposed method, fre-

quency, numerical statistics, user in°uence, and sentiment score. The results show that the
proposed method is slightly better than the other methods. In addition, we discuss Twitter

characteristics and a method for an e®ective analysis of Twitter content.

Keywords: Twitter; content in°uence; retweet; follower.

1. Introduction

Twitter is a microblogging website that allows users to create content that is less

than 140 characters in length (called a tweet). This service also supports a one-

directional relationship between users: a user can see another user's contents simply
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by being his/her follower. Because of these characteristics, sometimes, Twitter can

spread news faster than news media. For example, the news about Hudson River

crash landing and the death of Michael Jackson was ¯rst spread through Twitter.

Currently, Twitter is not only a social networking service (SNS) but also a news

media [9]. Further, Twitter content contains various types of information such as a

user's thoughts, interests, and feelings. Moreover, tweets contain implicit informa-

tion such as user-speci¯c patterns, public concerns, and social trends. Therefore,

Twitter information can be analyzed for the prediction of presidential elections,

marketing information, and requirement analysis. With an increase in the number of

Twitter application ¯elds, the demand for e®ective analysis methods for Twitter

content has increased.

The motivation for this research is that there are many brilliant methods to

analyze Twitter content, but these methods require a considerably large amount of

data for the analysis of Twitter content and the related preconditioning processes

[1–3, 6, 14, 15, 17, 18, 20–22]. Therefore, for analyzing Twitter content, we propose a

method using the characteristics of a single Twitter post. These characteristics in-

clude the number of retweets, the number of followers, and the posting time. In

Twitter, such information can be extracted from a single tweet. Further, in our

previous paper, we proposed a method for measuring content in°uence [10]. In this

previous research, we de¯ned the in°uence of Twitter content as the value of posts,

and the method to compute the value of the content by using the number of retweets,

the number of followers, and the posting time. In this paper, we propose a new

approach based on our previous research [10] for analyzing trends. We performed

experiments using real Twitter data and demonstrated that the method is useful for

Twitter search. In the current study, we expand our previous method to analyze

trends with a small amount of data. Further, we investigate characteristics that are

useful for analyzing Twitter content. In this study, we perform an experiment to

show the proposed method's excellence with real Twitter data and discuss the

characteristics that are helpful for analyzing Twitter content.

The remainder of this paper is organized as follows: In Sec. 2, we present the

related works. Section 3 introduces our previous research brie°y and discusses the

framework of the experimental environment and the proposed method. In Sec. 4, we

describe our experiment and present the results. We discuss the features of Twitter

content and a comparison with other methods in Sec. 5 and conclude the paper in Sec. 6.

2. Related Works

Twitter content research consists of an analysis of the characteristics and applica-

tions of Twitter content. First, one analyzes the characteristics of Twitter content

and then provides basic information for the applications of the content [4, 9, 19].

Cha et al. [4] analyzed the characteristics of Twitter content: the number of fol-

lowers, the number of retweets, and the number of mentions. They analyzed these

characteristics to measure a user's in°uence and found that these characteristics

842 E. Lee et al.

In
t. 

J.
 S

of
t. 

E
ng

. K
no

w
l. 

E
ng

. 2
01

7.
27

:8
41

-8
67

. D
ow

nl
oa

de
d 

fr
om

 w
w

w
.w

or
ld

sc
ie

nt
if

ic
.c

om
by

 M
R

 E
U

IJ
O

N
G

 L
E

E
 o

n 
06

/2
5/

17
. F

or
 p

er
so

na
l u

se
 o

nl
y.



imply di®erent types of in°uence. They found that the number of followers, the

number of mentions, and the number of retweets have a di®erent user in°uence on

the analysis of the Twitter content. The number of followers implies the size of the

user's audience. This means that if a user has a large number of followers, he/she has

a large audience who received his/her contents. The number of retweets shows

the content value about continued interest. It also shows the content's worth with

respect to being shared. The number of mentions shows that a user is related to other

conversations, so it shows the content's advertisement value. Kwak et al. [9]

researched the spreadability of Twitter and found that Twitter is not only an SNS

but also a news media. They found that the number of followers represents the user's

popularity, and the number of retweets is a major measurement parameter of the

user's in°uence. Further, they found that Twitter trends match the other news

media's trends by about 85%. Therefore, they concluded that Twitter is an SNS and

can be considered a news media as well. Teevan et al. [19] studied the di®erences in

web search and Twitter search and speci¯ed the characteristics of Twitter search.

They found that a Twitter user performs a search for obtaining \timely

information," \social information," and \topical information." They also found that

Twitter search has its own characteristics. For example, queries of Twitter search are

shorter than those of web search, but have longer words. Further, Twitter search

allows the use of site-speci¯c grammar such as the use of \@" and \#." In our study,

we applied three factors found in previous research for evaluating the proposed

method for the measurement of the in°uence of Twitter content. These factors are

the number of followers, the number of retweets, and the posting time.

The second ¯eld is the application and analysis of Twitter content. There is

trending extraction research [3, 15, 17, 21] and sentimental analysis [1, 2, 6, 14, 18,

20, 22]. For example, in an analysis ¯eld study, Benhardus and Kalita [3] investigated

the trend detection in Twitter. They applied frequency, term frequency–inverse

document frequency (tf–idf), and normalized term frequency for detecting trends in

Twitter content. They found that natural language processing tools are suitable for

analyzing Twitter content. Phelan et al. [15] proposed a system for the recommen-

dation of articles by using Twitter and the tf–idf score. They also showed that their

prototype system (Buzzer) provides the recommendation result for a user and ex-

perimentally proved the suitability of their method. Song and Kim [17] proposed a

Twitter trend mining system to provide real-time trends. Their system mines social

trends and generates a content-based network; their case study was on the 2012

Korean presidential election. Weng et al. [21] proposed a method for identifying an

in°uential user of Twitter on the basis of the PageRank algorithm. In the ¯eld of

sentimental analysis, many researchers have proposed methods to analyze senti-

ments from Twitter content [1, 2, 6, 14, 18, 20, 22]. Although these previously

proposed methods are excellent, their methods are domain-speci¯c and are di±cult

to apply to every situation. This implies that sentiments are di±cult to predict and

analyze. However, previous research does show that Twitter can have an in¯nite

number of applications.
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In this paper, we propose a method for analyzing trends, particularly popularity,

by using Twitter characteristics, and show that the basic methods used in previous

studies are useful for Twitter content analysis (TCA). Further, we determine which

characteristics are useful for Twitter content analysis.

3. Framework and Method for Twitter Content Analysis

In this section, we introduce our previous research and framework of this study. In

Sec. 3.1 we introduce our previous research for measuring Twitter contents in°uence

brie°y. We describe our framework in Sec. 3.2 and the analyzing method based on

the Twitter content in°uence in Sec. 3.3.

3.1. Method for measuring content in°uence

The Cambridge Dictionary de¯nes in°uence as \the power to have an e®ect on

people or things, or a person or thing that is able to do this." There are a large

number of theories for measuring in°uence in the sociology ¯eld. However, a method

for measuring in°uence in SNS would be di®erent from previous theories in sociology

[4]. Therefore, in our previous research [10], we assumed that a single Twitter content

has its own in°uence on users, that those in°uences are di®erent from each other by

their own characteristics, and that in°uential content contains meaningful infor-

mation for users who are exposed to the Twitter content. Therefore, the previous

study de¯nes the in°uence of content as follows: \Content in°uence is a value that

measures to what degree a piece of content contains meaningful information for

users" [10]. The study proposes an equation that consists of three characteristics of

Twitter: the number of followers, the number of retweets, and the posting time. The

number of followers represents spreadability. When a user posts some content, it is

primarily spread to the user's followers. The number of retweets denotes shareability

because the retweet mechanism is a method of sharing content in Twitter. Further,

the value of content can be measured by the number of shares, because if the content

is valuable, it is shared with others. Therefore, the number of retweets also denotes

the value of the content. The posting time indicates how current the information is.

Twitter is sensitive to up-to-date information, so this factor is used for measuring the

content's in°uence [7, 9]. The equation of measuring content in°uence using the

abovementioned three factors is as follows [10]:

IðCiÞ ¼ � logðRTi þ 1Þ þ � logðFi þ 1Þ þ � log
k

NT �WTi

� �
; �þ � þ � ¼ 1; ð1Þ

where Ci represents the ith content and I denotes the in°uence of Ci. RTi represents

the number of retweets of Ci, so logðRTi þ 1Þ is the shareability of Ci. It takes a

logarithm function to normalize, and adds 1 to prevent an output that is not negative

in¯nity. Fi represents the number of followers of the author of Ci so logðFi þ 1Þ denotes
the shareability. It takes a logarithm function for the same reason as that mentioned

844 E. Lee et al.
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earlier. Further, logð k
NT�WTi

Þ represents how current the information is.WTi represents

the posting time of Ci, and NT denotes the current time now, which is the start time of

the analysis. The k-value represents the criteria of determining how current the posting

time is. If ðNT �WTiÞ is smaller than k-hour, then logð k
NT�WTi

Þ will be a positive

value. In contrast, if ðNT �WTiÞ is greater than k-hour, then logð k
NT�WTi

Þ will be a

negative value. This parameter also takes a logarithm function to normalize. The terms

�; �, and � are mediators used for adjusting the power of each factor. In the Twitter

in°uence equation, it appears that there is a linear relationship between followers and

retweets. However, in experiments from a previous research [10], there was no correla-

tion observed between a follower and retweet, using the Pearson correlation coe±cient.

In addition, for the experimental data in this paper, only 0.06% of the contents are

retweeted. Therefore, we assume that retweeted contents have more in°uence than

others, and the in°uence equation can be used to give more weight to retweeted contents

for content evaluation. We evaluated this method using Twitter data and found that it

can accurately measure the in°uence of a single Twitter post [10].

3.2. Framework

In this subsection, we describe a framework for content analysis. Figure 1 shows the

proposed framework for content analysis.

We crawled content and relation data using Twitter4J API [24], and part of the

data is provided by the Daumsoft Company. The crawled data consisted of content

information (i.e. authorID, number of retweets, posting time, and content) and user

information (i.e. authorID, follower id, and followee id). First, we crawled the con-

tent information and saved it as a JavaScript Object Notation (JSON) [25] data type

Fig. 1. Framework for Twitter analysis.
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(see Fig. 2). The crawled JSON ¯le consisted of documentId, content, writtenTime

(i.e. posting time), sharedCount (i.e. retweet count), authorID, and displayAuthorId.

After content crawling, we crawled additional information about the users. We

crawled the number of followers, the number of followees, and the list of followees for

each user. This additional information was saved in the simple text format. Figure 3

shows the number of followers and the number of followees for the users. The ¯rst term

in a line denotes the user's id; the second, the number of followees; and the third, the

number of followers. Figure 4 shows the user–followee relationship. The ¯rst term in a

line denotes the user's id, and second array denotes user's followee list.

After crawling, the crawled data are processed in a parser and saved in a database.

Figure 5 shows the parsing and saving processes. The parser creates a network of user

relationships and ¯nds sentimental keywords that are de¯ned in the sentimental

word database (details of sentimental keywords are provided in Sec. 4.1). While

creating this network, it ¯nds a user's followee in the crawled user's followee list and

saves the list of followees. Further, it ¯nds the inverse followee list to ¯gure out the

followers of the user, as followers can be found by an inverse relation of the followee

list. After follower and followee lists processing, the parser ¯nds the number of fol-

lowers and that of followees in the crawled user's followee and follower number data.

During the content database creation process, the parser extracts information

about documentId, authorId, sharedCount (i.e. retweet number), posting time

Fig. 2. Example of a crawled content ¯le.

Fig. 3. Example of crawled follower and follower number ¯le.

Fig. 4. Example of relationship ¯le.
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(i.e. writtenTime), content, and sentiment polarity. For obtaining sentiment po-

larity, the parser uses the sentiment database and ¯nds matching words related to

sentimentality. If there are any matching positive or negative words, it sets the polarity of

the content. Examples of positive words are \good," \excited," \sweet," and \mellow."

Some examples of negative words are \terrible," \worst," \hideous," and \indistinctive".

After parsing, the parsed data are saved in a database that consists of three

databases: user, sentiment, and content. The user database saves the relationship

between user data and has values such as user id (i.e. key value), follower user's id,

followee user's id, followee number, and follower number. The sentiment word da-

tabase describes positive and negative words for a speci¯c domain and has values

that are the domain of the sentiment keywords, id of the domain (i.e. key value),

positive words, and negative words. Section 4.1 describes the sentiment database in

detail. The last database is the content database. It describes the details of a single

post and consists of the content id (i.e. key value), authorID, the number of retweets,

posting time (i.e. writtenTime), sentiment polarity, and raw content. The analyzer

takes the keywords provided by a user and then extracts the data from the database. It

then calculates the content in°uence and analyzes the sentiment value of the keywords.

The analyzed result is sent to the user. Section 3.3 describes this method in detail.

3.3. Method for Twitter content analysis

To analyze Twitter content, we propose a new approach based on the method of

measuring Twitter content in°uence [10]. Frequency is a simple factor for measuring

keyword popularity. Google Trends [8] uses the web search keyword frequency to

Fig. 5. Example of parsing and saving processes in parser.
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extract trends of a speci¯c period. Further, inverse document frequency (idf) is a

factor to measure term speci¯city in a document set. It is widely used in the ¯eld of

numerical statistics [11, 16]. We use these factors along with the Twitter content

in°uence for the analysis of Twitter content.

In Eq. (1), the k-value denotes a time period factor, and it gives bigger in°uence

score in a k-hour [10]. Therefore, we assume that if we use the accumulated data

obtained at the start of analysis, then the popularity of keywords is more accurate

than if we only consider a speci¯c period because if a keyword comes up frequently in

the past but not in the recent times, we can conclude that the keyword has lost its

popularity. In the in°uence equation, if the content is created out of the k-hour, then

the time factor gives a smaller score than that for content created within the k-hour

[10]. This characteristic re°ects the changes in the content time in°uence. Therefore,

we use this characteristic and propose a method that uses the accumulated content

in°uence with frequency. Equation (2) describes this method:

TCAðki; Start;EndÞ ¼
XEnd
Start

log
jCj

jc 2 C;Containðki 2 cÞj � IðContainðki; cÞÞ
� �

: ð2Þ

This equation provides a summation of the in°uences with idf of the ith keyword

between the start and end of the analysis period. Parameters \Start" and \End"

denote the start and end times of the analysis period. Therefore, the sigma operator

represents a summation of in°uences that contain ki with idf from the start time to

the end time. C represents the content dataset, and Containðki; cÞ denotes the

content that includes the ith keyword. Therefore log jCj
jc2C;Containðki2cÞj represents the

idf of ki. IðciÞ indicates the content in°uence ci. Finally, the equation describes the

popularity of the keyword within the entire analysis period.

4. Experiments and Results

We crawled Korean Twitter content and set up the experimental environment in-

troduced in Sec. 3.1. Here, we describe the experimental dataset in Sec. 4.1 and

present the experimental results in Sec. 4.2.

4.1. Experimental data

We crawled the contents, user information, and relations of Korean Twitter posts

posted in the site between 1 July 2012 and 31 July 2012 (as mentioned in Sec. 3.1,

part of the data is provided by Daumsoft). The crawled data are saved in the JSON

format ¯rst. The size of the content data is about 93GB, and that of the user and

relationship is 12 GB. For the experiments, we chose the music and movie domains

because their chart changes every day and every week. Moreover, many reliable online

music sites provide music charts based on their own policies, and the popularity of a

movie can be measured by ticket sales. Therefore, we can compare the popularities

evaluated by the proposed method and the music charts by using online music sites

848 E. Lee et al.
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and movie ticket sales. In order to do it, we collected nine keywords from a popular

Korean music website called \Melon" [12], and six keywords from the \Korean Film

Council" [13]. The Melon chart is reasonable for measuring popularity because Melon

measures its daily music chart by using two factors: how many streams were played

and how many mp3 ¯les were downloaded. Melon gives di®erent weights to streaming

(40%) and mp3 download (60%). In addition, the Korean Film Council is a govern-

ment organization of the Republic of Korea, and they provide movie charts that are

based on ticket sales. Further, we collected posts on music and movie domains that

were released in July 2012, and extracted 71,837 and 239,635 posts related to the

considered music and movie domains. Tables 1 and 2 list the Korean words considered

for the extraction.

Table 1. Music words considered in the experiment.

Keyword # Artist Album title Words (Korean and English) Note

1 SISTAR Loving U LOVING U jj LOVINGU jj Not case

sensitive

2 Huh Gack One person || ���
3 PSY Gangnam style || ||

GANGNAM STYLE jj GANGNAMSTYLE

Not case

sensitive

4 T-ara Day by day DAYBYDAY jj DAY BY DAY

|| ||
Not case

sensitive

5 F(x) Electric Shock (ELECTRIC SHOCK) jj (ELECTRICSHOCK)

jj ( || ||
Not case

sensitive

6 VerbalJint Pretty enough || ���
7 Wonder girls Like this ( jj WONDERGIRLS jj

WONDER GIRLS jj &&

(LIKE && THIS)

Not case

sensitive

8 Lee Hyun Heart broken || ���
9 2NE1 I love you (2NE1 jj && (I LOVE

YOU jj ILOVEYOU)

Not case

sensitive

Table 2. Movie words considered in the experiment.

Keyword # Movie name Words (Korean and English) Note

1 Deranged jj movie

jj || ||
Not case sensitive

2 Madagascar 3 ���
3 A Letter to Momo jj A

Letter to Momo)

Not case sensitive

4 The Amazing Spider-Man ||
jj spiderman jj spider man)

Not case sensitive

5 All About My Wife ||
||

���

6 Ice Age 4 ���

Content Analysis Evaluation Method Based on Twitter Content In°uence 849

In
t. 

J.
 S

of
t. 

E
ng

. K
no

w
l. 

E
ng

. 2
01

7.
27

:8
41

-8
67

. D
ow

nl
oa

de
d 

fr
om

 w
w

w
.w

or
ld

sc
ie

nt
if

ic
.c

om
by

 M
R

 E
U

IJ
O

N
G

 L
E

E
 o

n 
06

/2
5/

17
. F

or
 p

er
so

na
l u

se
 o

nl
y.



Table 3 and Fig. 6 describe the rankings of these nine albums, which are provided

by Melon [12]. We chose keywords that had di®erent weekly trends. For example,

\Loving U," \Day by day," and \I love you" maintained a high rank every week, and

\One person", \Electric Shock," \Pretty enough," and \Like this" had a high rank at

the beginning of the month but fell to a low rank later in the month. Lastly,

\Gangnam style" appeared suddenly in the third week and maintained a high rank.

Because this keyword was published on 12 July 2012, there were no rank values for it

during the ¯rst and second weeks.

Table 4 and Fig. 7 describe the rankings of the movie domain, which are provided

by the Korean Film Council [13]. We chose ¯ve keywords (i.e. \Deranged,"

\Madagascar 3," \A Letter to Momo," \The Amazing Spider-Man," and \All About

My Wife") that had high rankings at the beginning of the month but fell during the

Table 3. Music keywords rankings.

Album title # 1st Week 2nd Week 3rd Week 4th Week

Loving U 1 2 3 3

One person 6 8 10 15

Gangnam style ��� ��� 1 1
Day by day 4 3 4 5

Electric Shock 5 6 11 17

Pretty enough 10 10 14 16

Like this 8 11 17 21
Heart broken 7 5 7 8

I love you 9 1 2 2

Fig. 6. Variations of music keywords ranks.
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month. \Ice Age" was ranked low at the beginning of the month, but suddenly rose in

rank at the end of the month.

For the sentiment analysis with sentiment polarity, positive and negative words

are needed because if a post has keywords with positive sentiment words, it is

considered to contain positive sentiment, and if the post has keywords with neg-

ative words, it is considered to contain negative sentiment. Therefore, for mea-

suring sentiment polarity, we need to de¯ne positive and negative words related to

music and movie domains. For this, we collected Korean positive and negative

words related to music and movie domains by using WordNet [5]. The total

number of words considered in the music domain was 402; there were 220 positive

words and 182 negative words. In addition, the total number of words considered in

the movie domain was 436; there were 225 positive words and 211 negative words.

Tables 5 and 6 list these words in detail, and the measurement method is described in

Sec. 5.1.1.

Table 4. Movie keywords rankings.

Movie title 1st Week 2nd Week 3rd Week 4th Week

Deranged 2 1 2 4

Madagascar 3 6 8 13 24

A Letter to Momo 5 5 9 17
The Amazing Spider-Man 1 2 3 7

Ice Age 4 32 26 55 3

Fig. 7. Variations of movie keywords ranks.
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4.2. Experimental results

First, we adjust mediators i.e. �; �, and � in Eq. (1) that adjust the three in°uence

factors for the optimization of proposed method (see Sec. 3.2). These mediators are

shareability, spreadability, and currency of time. These are indicated by �; �, and �

Table 5. Positive and negative Korean words related to music domain.

852 E. Lee et al.

In
t. 

J.
 S

of
t. 

E
ng

. K
no

w
l. 

E
ng

. 2
01

7.
27

:8
41

-8
67

. D
ow

nl
oa

de
d 

fr
om

 w
w

w
.w

or
ld

sc
ie

nt
if

ic
.c

om
by

 M
R

 E
U

IJ
O

N
G

 L
E

E
 o

n 
06

/2
5/

17
. F

or
 p

er
so

na
l u

se
 o

nl
y.



in Eq. (1). We changed the weight of each factor using the experimental dataset

described in Sec. 4.1. We performed an optimization experiment using only the music

domain experiment dataset. We applied optimized values for di®erent domains to

show that the optimized value is valid not only in the music domain but also in

di®erent domains (i.e. movies). Optimization results were obtained by a comparison

Table 6. Positive and negative Korean words related to movie domain.
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of the Melon chart (see Sec. 4.1) and the ranking computed by the proposed method.

We compared both rankings for each week of July and used an average of four weeks.

Spearmans rank correlation coe±cient was used for the comparison. This method has

a value between 1 and 1. If the absolute value was close to 1, there was a signi¯cant

linear relationship. However, if the absolute value was close to 0, there was a non-

linear relationship between the two datasets. In this method, positive values repre-

sent a positive correlation, and negative values denote a negative correlation.

Therefore, if the Spearman's rank correlation coe±cient result between the Melon

chart and the ranking calculated by the proposed method was close to 1, then

popularity extracted by the proposed method was well analyzed. Before adjusting all

three parameters, the ¯rst experiment considered only shareability and spreadability

except for time in°uence. Table 7 and Fig. 8 show the results.

Here, � denotes the shareability mediator and � is the spreadability mediator; �

represents the time mediator, but its value is 0 because this experiment does not

consider the currency of time. There is no di®erence when � is between 0 and 0.3, but

when � is between 0.4 and 0.6, the coe±cient value increases slightly. Further, the

coe±cient value decreases when � is close to 1. We can infer that the number of

Fig. 8. Results of adjusting shareability and spreadability.

Table 7. Results of adjusting shareability and spreadability for the proposed method.

�-value and �-value (� ¼ 0)

Adjusting

values

� ¼ 0,

� ¼ 1

� ¼ 0:1,

� ¼ 0:9

� ¼ 0:2,

� ¼ 0:8

� ¼ 0:3,

� ¼ 0:7

� ¼ 0:4,

� ¼ 0:6

� ¼ 0:5,

� ¼ 0:5

� ¼ 0:6,

� ¼ 0:4

� ¼ 0:7,

� ¼ 0:3

� ¼ 0:8,

� ¼ 0:2

� ¼ 0:9,

� ¼ 0:1

� ¼ 1,

� ¼ 0

Correlation

coe±cient

0.70 0.70 0.70 0.70 0.71 0.71 0.71 0.69 0.66 0.66 0.66
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followers (i.e. spreadability) has more in°uence than the number of retweets (i.e.

shareability) on the analysis of popularity. These ¯ndings are the same as those of the

previous research [10], but the di®erence is that the previous research considered only

retweeted posts, but this research considers not only retweeted posts but also posts

that were not retweeted. Moreover, retweeted posts are a minority in this experiment

set. Retweeted posts form only 0.06% of the extracted posts. The number of

extracted posts is 71,837, and that of the retweeted posts is 4644. Nevertheless, the

retweet number impacts the analysis; therefore, we infer that shareability is useful for

the analysis of Twitter content, even if it is a minority of contents. However, only

considering shareability is worse than considering it along with spreadability.

After optimizing � and �, we performed experiments to adjust the factor � for the

proposed method. Here, � represents the time currency of the in°uence equation. We

performed the same experiment, but this time we ¯xed the percentages of � and �

and changed the � values. The ¯xed percentage of � was 40% and that of � was 60%;

these values were based on the results of the previous experiments. Table 8 and Fig. 9

present the results.

Fig. 9. Results of adjusting �-value for the proposed method.

Table 8. Results of adjusting shareability, spreadability, and time for the proposed method.

�-value, �-value, and �-value

Adjusting

values

� ¼ 0:4,

� ¼ 0:6,

� ¼ 0

� ¼ 0:36,

� ¼ 0:54,

� ¼ 0:1

� ¼ 0:32,

� ¼ 0:48,

� ¼ 0:2

� ¼ 0:28,

� ¼ 0:42,

� ¼ 0:3

� ¼ 0:24,

� ¼ 0:36,

� ¼ 0:4

� ¼ 0:2,

� ¼ 0:3,

� ¼ 0:5

� ¼ 0:16,

� ¼ 0:24,

� ¼ 0:6

� ¼ 0:12,

� ¼ 0:18,

� ¼ 0:7

� ¼ 0:08,

� ¼ 0:12,

� ¼ 0:8

� ¼ 0:04,

� ¼ 0:06,

� ¼ 0:9

� ¼ 0,

� ¼ 0,

� ¼ 1

Correlation

coe±cient

0.71 0.71 0.71 0.71 0.71 0.71 0.66 0.62 0.61 0.38 0.13
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The results show that the coe±cient value is the best when � is between 0 and 0.5.

However, if we only consider the currency of time, it is not good as considering other

factors. These results reveal that not only is time an important factor to consider

when analyzing Twitter content, but it is useful when used along with other char-

acteristics. The experiment results show that the coe±cient value is the same when �

is between 0 and 5. Therefore, we select the median value as the optimized value of �

weighted by time and other factors (i.e. shareability and spreadability). After these

experiments, we obtained the optimization values for the proposed method

(� ¼ 0:32; � ¼ 0:48; � ¼ 0:2).

5. Discussion

In this section, we compare the proposed method with other methods in Sec. 5.1.

After the comparison, we discuss characteristics that are useful for the Twitter

content analysis in Sec. 5.2.

5.1. Comparison with other methods

5.1.1. Comparison with other methods using total data

In this sub-subsection, we compare the proposed method with other methods such as

the information retrieval method, user in°uence measurement, sentiment analysis,

and frequency measurement. Further, we verify that the proposed method is better

than the other methods. To this end, ¯rst, we will describe the comparison target

methods and then compare the proposed method with the other considered methods.

The ¯rst method for the comparison is measurement by using frequency. This is a

simple and useful method for analyzing Twitter content and searching trends [3, 8].

In this research, we count posts containing keywords. Equation (3) describes this

method. It considers the number of posts containing the ith keyword in document

set C:

frequencyðkiÞ ¼ jContainðki;CÞj: ð3Þ
The next method considered is the tf–idf [16, 11]. Tf–idf is a numerical statistic

that measures how important a word is to a document in a set of documents. It is

used for ranking documents in a search engine or a similarity check between di®erent

documents. The tf–idf equation is as follows [see Eqs. (4)–(6)]:

tfðt; dÞ ¼ 0:5þ 0:5� fðt; dÞ
maxðfðw; dÞ : w 2 dÞ : ð4Þ

The factor tf(t; d) denotes the frequency of term t in document d. Further, idf

represents the document frequency containing term t in the document set

[see Eq. (5)]:

idfðt;DÞ ¼ log
jDj

jd 2 D; t 2 dj : ð5Þ
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The product of tf and idf is the value of tf–idf:

it�idfðt; d;DÞ ¼ tfðt; dÞ � idfðt;DÞ: ð6Þ
We crawled 123,639,069 documents posted between 1 July 2012 and 31 July 2012,

so we set the total document size \D" as 123,639,069.

For a comparison of the sentiment analysis results, we use the sentiment score

described in previous research. Asur and Huberman [2] proposed a sentiment analysis

classi¯er to identify articles that are neutral, positive, or negative. They proposed

simple methods for evaluating subjectivity and polarity. The method for evaluating

subjectivity is as follows:

Subjectivity ¼ jPositive and Negative Tweetsj
jNeutral Tweetsj : ð7Þ

A subjectivity value represents the ratio of contents containing sentiment infor-

mation. Therefore, the higher the subjectivity value, the larger is the amount of

sentiment information in the content set. The method for evaluating the ratio of

positive and negative sentiments is as follows:

PNratio ¼ jTweets with Positive Sentimentj
jTweets with Negative Sentimentj : ð8Þ

If the value of PNratio is greater than 1, the majority opinion is positive, but if the

value of PNratio is less than 1, the majority opinion is negative. Further, we can

obtain the sentiment score by multiplying subjectivity and PNratio:

SentimentalScoreðkiÞ ¼ SubjectivityðkiÞ � PNratioðkiÞ: ð9Þ
We also compared the proposed method with the users in°uence. For comparison,

we modi¯ed the original PageRank [23] method on the basis of the follower–followee

relationship, substituting the followee for the out-degree and the follower for the in-

degree. The initial value of the modi¯ed method is the number of followers and the

d-value is 0.85 as in the previous research [23]. The d-value represents the residual

probability and is usually set to 0.85. The number of authors is 38,968, and the

number of connections is 70,225,067. Therefore, we calculate PageRank with 38,968

nodes and 70,225,067 edges. The modi¯ed PageRank is as follows:

PageRankðuiÞ ¼
ð1� dÞ

Total Number Of Users

þ d
Xfollower Of ui

j¼1

PageRankðujÞ
followee Number Of ui

0
@

1
A: ð10Þ

The proposed method is compared with the other methods by using Spearman's

rank correlation coe±cient. Table 9 and Fig. 10 show the results for the music

domain, Table 10 and Fig. 11 show the results for the movie domain.
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In the experimental data for the music domain, except for the sentiment score, the

results show that the proposed method and PageRank have the best coe±cient

values during the ¯rst week of July (see Fig. 10); the other values are similar. Except

for the sentiment score, the results show that the proposed method and PageRank

have the best coe±cient values on 1 July; the other values are similar. However,

Table 9. Results of comparison of the proposed method with other methods in music domain.

Frequency tf–idf SentiScore PageRank

Proposed

� ¼ 0:32, � ¼ 0:48, and � ¼ 0:2

Spearman's 1st Week 0.59 0.59 0.12 0.61 0.61

rank 2nd Week 0.58 0.65 0.12 0.58 0.68
correlation 3rd Week 0.67 0.67 0.07 0.60 0.77

coe±cient 4th Week 0.60 0.68 �0.10 0.48 0.78

Average 0.61 0.65 0.08 0.57 0.65

Fig. 10. Results of comparison of the proposed method with other methods in the music domain.

Table 10. Results of comparison of the proposed method with other methods in movie domain.

Frequency tf–idf SentiScore PageRank

Proposed

� ¼ 0:32, � ¼ 0:48, and � ¼ 0:2

Spearman's 1st Week 0.54 0.54 �0.26 0.60 0.83

rank 2nd Week 0.60 0.60 �0.71 0.60 0.60

correlation 3rd Week 0.67 0.66 �0.03 0.66 0.66
coe±cient 4th Week 0.71 0.66 �0.20 0.77 0.77

Average 0.63 0.61 �0.30 0.66 0.71
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every method is included in the reasonable range, because the absolute value of the

correlation coe±cient is between 0.3 and 0.7 and thus shows a moderate correlation

relationship. In the second week, the proposed method has the highest value, but all

methods are within a reasonable area. In the third week, all methods have reasonable

values, but these values decrease dramatically, except for the proposed method. Note

that the Melon music chart collects music data from Monday to Sunday and a new

chart is posted every Monday. \Gangnam style" was published on Sunday, 15 July

2012, and it suddenly got the ¯rst place in the chart. Therefore, all methods have

little information about \Gangnam style." However, in spite of the sudden appear-

ance of \Gangnam style," the result of the proposed method was higher than that in

the previous week. Further, its value was more accurate, because the absolute value

of the correlation coe±cient value was greater than 0.7; this implied a strong cor-

relation. In the last week, the coe±cient values of PageRank and frequency mea-

surement decreased, and those of the proposed method and the tf–idf value

increased.

The movie data results (see Fig. 11) also show that the proposed method has the

best coe±cient value during the ¯rst week of July. The values for other methods are

similar and are included in a reasonable range except for the sentimental score.

During the second week, all methods have the same coe±cient value, and all coef-

¯cient values are within a reasonable area. During the third week, the frequency has

a higher value. However, there is a very small gap in the proposed method, and the

correlation value of the proposed method is within a reasonable area. Further, during

Fig. 11. Results of comparison of the proposed method with other methods in the movie domain.
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the last week of July, the proposed method and PageRank with higher values

according to the data are accumulated. Note that \Ice Age 4" was released on 25

July, and this movie was suddenly ranked third on the chart. For this sudden ap-

pearance of \Ice Age 4," the result of the proposed method maintains a strong

correlation coe±cient. The proposed method is more accurate than the previous

methods for the last week of July. This showed us that the proposed method is better

than the others when the data are cumulatively collected. Because the proposed

method re°ects time in°uence with the criterion of the currency of time, this char-

acteristic had a positive e®ect on the analysis result when the data were cumulated.

In both experimental datasets, the results of using the sentiment score show that

the coe±cient value is negative. This indicates that the use of only the sentiment

score, considering positive and negative sentiments, is not e®ective in analyzing

popularity. Even ranking by the frequency of negative posts is more correct. To

determine why the sentiment score is not a reasonable parameter for the popularity

analysis, we used the music domain dataset. Table 11 and Fig. 12 show the numbers

of positive and negative posts in music domain. This shows that if some keywords

have a large number of positive posts, the others have a large number of negative

posts, such as \Loving U" and \Gangnam style." Moreover, even \One person" is not

good according to the Melon chart (see Sec. 4.1), but its sentiment score value is

better than the others (its rank as measured by the sentiment score is the ¯rst or the

second). Because \One person" has a ¯rm fan-following and is not often mentioned as

popular music, its negative posts are fewer than those of the others; thus, it inter-

rupts the popularity analysis. On the basis of the results of this experiment, we know

that sentiment information divided only into positive and negative sentiments is not

helpful for the analysis and the ratio of keywords is not always correct.

We calculated the coe±cient averages of the proposed method and the other

methods (see Figs. 13 and 14). First of all, methods using sentiment information have

unacceptable results, and the other methods have reasonable results with a moderate

correlation. Further, the proposed method increases the coe±cient value more than

the other methods with a strong correlation value (greater than 0.7).

Table 11. Numbers of positive and negative posts about keywords in the music domain.

Week

Loving

U

One

person

Gangnam

style

Day by

day

Electric

Shock

Pretty

enough

Like

this

Heart

broken I love you

Positive

1st Week 2043 120 1 803 454 399 60 44 641
2nd Week 1737 66 238 547 327 287 31 25 335

3rd Week 519 27 1000 252 203 100 8 23 112

4th Week 370 31 1529 208 152 147 14 20 108

Negative

1st Week 93 7 0 60 45 21 3 4 23

2nd Week 64 2 18 42 19 14 3 7 18
3rd Week 92 1 95 25 21 8 2 3 10

4th Week 189 5 442 53 42 21 5 5 21
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5.1.2. Comparison with other methods using di®erent data sizes

One problem in studying Twitter content analysis is that a large amount of data is

needed to analyze Twitter contents. However, not every researcher can collect a large

amount of data, so a Twitter content analysis method is required to analyze Twitter

contents using small data sizes. In this sub-subsection, we performed experiments for

the proposed method using di®erent content sizes for which the proposed method is

reasonable even for a small amount of data. For the experiment, we assigned an ID

number between 0 and 69999 for 70,000 pieces of content in the music domain data

Fig. 12. Graphs of the numbers of positive and negative posts about keywords.
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set. Each content number is randomly assigned and is not duplicated. After

assigning, we divided the data size by using the assigned content number. We

classi¯ed data sizes as 1000, 2000, 3000, 4000, 5000, 6000, 7000, 8000, 10,000, 20,000,

30,000, 40,000, 50,000, 60,000, and 70,000. In addition, experimental data consisted

Fig. 13. Average comparison of the proposed method and other methods in the music domain.

Fig. 14. Average comparison of the proposed method and other methods in the movie domain.
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of contents that were assigned content numbers based on data size. For example, if

the data size is 10,000, this dataset consists of contents that have assigned content

numbers 0–9999. We performed the same experiments as those described in Sec. 5.1.1

by using di®erent data sizes.

Figure 15 shows the obtained results. The graph does not include the sentiment

score because the considered methods do not have reasonable values like the previous

results (average sentiment score ¼ 0.03). The results show that the proposed method

is better than the other methods (see Fig. 15). We assume that it re°ects the time

in°uence from the start of the analysis; therefore, it provides a better result. How-

ever, the proposed method is not as good as the others when we use a small data size

(under 7000) because the data are not su±cient for the analysis. However, the

proposed method is e®ective if there is su±cient accumulated data. Note that the

accumulated data do not only include size data, they also include period data.

Moreover, as you can see, the proposed method is stabilized when the content size is

greater than or equal to 8000; however, even this data size is almost a tenth of the

whole data size. This result shows that the proposed method is useful even in the case

of a small data size.

The purpose of this experiment is to show that the proposed method is reasonable

even when used for a small amount of data. The obtained results con¯rm this hy-

pothesis, demonstrating that the proposed method is reasonable even if there is a

small amount of data. As the data size increases, it becomes stable.

5.2. Discussion of useful characteristics for Twitter analysis

Here, we will discuss the characteristics that are useful for a Twitter content analysis.

We choose the characteristics used in this study and discuss their e®ectiveness. These

Fig. 15. Results of random sampling.
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characteristics are frequency, number of retweets, number of followers, time, nu-

merical statistics of the post, users popularity, and sentiment information.

. Frequency: Frequency is a simple parameter to analyze popularity or trends on

Twitter. If a speci¯c keyword comes up frequently in posts, it attracts public

attention. Therefore, the proposed method is based on frequency, idf, and content

in°uence. In the experiment, frequency is always reasonable for small to large

amounts of data (see Sec. 5.1.2). Considering these ¯ndings, we conclude that

frequency is one of the most important and e®ective characteristics for analyzing

Twitter content.

. Number of retweets: We can say that the number of retweets is the number of

shares of posts. In previous research, the retweet count was an important char-

acteristic to measure content in°uence [10]. However, in this research, we found

that it is useful for analyzing even data that included nonretweeted posts. Al-

though the number of retweeted posts considered in this study was very small, it

a®ected the measurement of the content in°uence (see Sec. 4.2). Therefore,

we assume that the retweeted posts form a small amount of data but are useful in a

general environment.

. Number of followers: The number of followers represents a user's popularity and

the spreadability of contents [4, 10]. As with previous research, our experimental

results show that the number of followers is useful for analyzing Twitter content

(see Sec. 4.2). Because every Twitter post lists the author's follower, there is no

sparseness of data. Therefore, it can be an e®ective characteristic to analyze

Twitter content if used e®ectively.

. Time: Time is the most important factor in a Twitter search, because Twitter

provides content research in a time-descending order. This implies that the cur-

rency of time is an important factor in Twitter [10]. Our study also shows that the

time factor is helpful for analyzing Twitter content (see Sec. 4.2). It is useful to use

accumulated time data, and the use of time with other characteristics is better

than the use of only the time factor (see Sec. 4.2).

. Numerical statistics: In this study, we performed numerical statistical analyses

such as tf–idf. These provided a reasonable result and were slightly better than the

frequency measurement and PageRank methods, even when the Twitter contents

had a monotonous keyword count. Because Twitter allows posts of 140 characters

or less, the length restriction of Twitter ensures that there is no di®erence in

keyword frequency and the document length between posts. Experimental data

show that the average number of keywords in documents is 1.11, and the standard

deviation is 0.37. We assume that term speci¯city (i.e. idf) is the reason why tf–idf

is better than the frequency measurement and PageRank methods. The frequency

measurement method considers only the number of posts containing the keywords,

and the PageRank method is also based on the frequency of keywords. However,

tf–idf considers not only the frequency of posts but also the term speci¯city.
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Therefore, we conclude that numerical statistics is useful to analyze Twitter

content with term speci¯city (i.e. idf).

. User's in°uence: We performed experiments measuring a user's in°uence by using

a modi¯ed PageRank method (see Sec. 5.1.1). The result of the user's in°uence has

a moderate coe±cient correlation, but it is not as good as the other methods except

for the sentiment analysis. However, there are several types of user in°uence

considered in the previous research [4]. User in°uence measurements should be

reanalyzed with several types of user in°uence. However, measuring a user's in-

°uence also requires a large amount of data, so it is not compatible for an analysis

with a small amount of data.

. Sentimental information: Previously, in this paper, we assumed that positive and

negative sentiment analysis results are useful for analyzing Twitter posts. How-

ever, our results show that sentiment information is not helpful for analyzing

Twitter content because human sentiments are very di±cult to express as a for-

mula. As the experimental results show, a sentiment expression in Twitter has

many variables. For example, if a speci¯c subject is popular in the real world, it can

have a negative sentiment ratio to cause a lot of negative sentiments, because the

public users have interest in it. But another subject being less popular previously

could have positive sentimental ratio because only few users maintained positive

sentiments about it, and the public has no interest of it. However, this ratio was

not useful in this study, but it can be a useful factor if it is analyzed in detail.

6. Conclusion and Future Work

In this study, we proposed an evaluation method based on the in°uence for an

analysis of Twitter content. The goal of the Twitter content analysis in this study is

to be e±cient with a small amount of data, and to ¯nd a useful factor to analyze

Twitter content. We used the crawled Korean Tweet data and the user relation data

from 1 July 2012 to 31 July 2012, extracting nine subjects related to the music

domain and six subjects related to the movie domain. We proposed the use of three

characteristics: the number of followers of the content author, retweet count, and

currency of time. We compared the results of the proposed method with numerical

statistics, user's in°uence and sentiment score. Our experimental results showed that

the proposed method using the in°uence with an accumulated period performs

slightly better than the other methods; moreover, the proposed method performs

reasonably well for a small amount of data.

We discussed factors that are useful for analyzing Twitter on the basis of this

study's experiments. We extracted frequency, followers, retweet, and time to analyze

Twitter content with only its own value. Numerical statistics and user in°uence are

also useful, but these require a large amount of data. The sentiment information are

not useful for analyzing Twitter content because the sentiment information had

many variables. In the future, we want to expand the proposed method using content
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in°uence to other SNSs, and to develop a better evaluation method for sentiment

analysis. We also plan to improve our methods for a small amount of content.
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