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Abstract
Twitter is a microblogging service that commands more than 288 million monthly active users
(in 2015) and is growing fast. Twitter users post short messages called tweet about any topic and
follow others to receive their tweets. The great amount of data coming from Twitter users is a
meaning source of information regarding different aspects of people life. The goal of this paper
is to mine such information through the study of the tweets posted in the time interval of one
year. The analysis performed on these data allows us to draw meaningful conclusions about the
behavior and preference of Twitter users.
Keywords
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Introduction
With the term Big Data we refer to a great amount of data difficult to process using traditional
data processing applications. Social networks are an important and inexhaustible source of big
data, and even the mere extraction of such data from social networks is hard. Knowing the
behavior of users when they operate in a social network has attracted and attracts the attention of
the scientific community. Indeed, better understanding user behavior is a key issue in several
contexts: for example, this allows Internet and OSN providers to guide infrastructural and
application-level actions; users themselves to enhance awareness in this potentially insecure
world; companies and government institutions to make better use of this huge network of people
for their finalities; scientists to better understand individuals and communities.
http://www.webology.org/2015/v12n1/a131.pdf
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Among the social networks, Twitter, with its 288 million monthly active users in 2015 (Statista,
2015), is one of the most important generator of data stream thanks to the widely-used Tweets,
140-character messages posted by users to express their opinion on a topic, a situation, a news,
and so on. These short messages allow users to keep in touch each other easily and to share
opinions. Such opinions have a social weight because they are publicly visible and the post of a
tweet may discover several aspects of a person life. Consequently, the analysis of tweets has a
great importance both from a sociological perspective and to better understand the interaction
between Twitter and its users. However, a mere analysis of the more than 500,000,000 tweets per
day (InternetLiveStats, 2015) is too time-expensive and meaningless as information is lost in
such enormous amount of data.
In this paper, we present the results of a study done on the tweets posted between April 2013 and
March 2014. These tweets have been sampled and pre-processed to discard dirty data. Then, we
applied several analysis techniques to obtain some important results. We observe that many
analyses about Twitter already exist, which mainly regard statistics of Twitter (for instance,
active users, tweet number, bandwidth utilization, gender and age of users, and so on (Statista,
2015; Teevan et al., 2011; Java et al., 2007)). However, none of these statistics can be used to
mine aspects of user’s behavior, as done in this paper. In particular, our results show different
behavior between standard users and power users with respect to:
1. tweet typology;
2. location from which tweets are generated;
3. trend of tweet posting;
4. tweet source;
5. tweet language;
6. tweet frequency vs. user’s joining date;
7. tweet frequency vs. user’s popularity.
The outcomes of these analyses show important and (sometime) unexpected results.
Materials and methods
Data considered in our analysis are the tweets posted in the time interval from April 1, 2013 to
March 31, 2014 (one year). They have been extracted via the Twitter Streaming API v1.1 in the
Spritzer version, which is freely available. Data are sampled and about 1% of tweets is
considered in the analysis. As they are randomly sampled, we expect that no bias has been
introduced in the results of the analysis. Each tweet is represented in JSON format, and contains
a lot of information, such as timestamp of the generation, identifier, the tweet content, IP
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address, user ID, location coordinates, and so on. An example of a fragment of a JSON tweet is
reported below, in which we obscured sensitive information:
{"retweet_count":0,"text":"thanks to all #thankstoall","geo":null,
"retweeted":false,"id_str":"154124867866XXX","source":"href="http:
//labs.XX.com","entities":{"hashtags":[],"urls":[],"user_mentions"
:[]},"contributors":null,"place":null,"created_at":"Tue Jan 02 09:
00:06 +0000 2014","user":{"is_translator":false,"statuses_count":
7505,"profile_image_url":"http://XX/image/XX.png","friends_count"
:5,"profile_sidebar_fill_color":"DDEEF6","listed_count":228,
"profile_sidebar_border_color":"C0DEED","screen_name":"XXX",
"followers_count":96,"created_at":"Wed Jan XX XX:XX:56 +0000 2010",
"time_zone":"Tokyo","id":XXXXXX713,"utc_offset":32400}

Results and Discussion
In this section, we show the results of our analysis. They deal with different aspects and different
uses of Twitter. For each experiment, we provide a detailed description of the analysis purpose,
the involved data and the results.
1. Tweet Typology
Each tweet can contain simple text as well as media (i.e., photos or videos), hashtags, other users
mentions and URLs. Starting from this consideration, we divide the analyzed tweets into four
categories depending on the entities they contain. Hence, we count the occurrences of each entity
and we compute the percentage of tweets in each category. In Figure 1, we show the results.
Observe that, all tweets contain text. The most used entities are media (5% of the total amount of
tweets). As for mentions, they are used in more than 2% of the total number of tweets. By
contrast, hashtags are less utilized than mentions (0,77%). Probably this is because mentions are
newer features than hashtags and, for this reason, users are showing a growing interest for them.
Finally, URLs are the less used entities in Twitter.
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Figure 1. Typology of tweets

2. Tweet Origin
In this experiment, we aim to find the most frequent locations from where tweets are posted. We
examine the nation of the user who publishes the tweet. Then, we group the different nations into
geographical zones. Note that only a small percentage of users declare their nation in their profile
or allow Twitter to localize their tweets automatically. This is probably due to both the lack of
explicitly user consent and the unavailability of localization services at the moment in which
tweets are published. The results are illustrated in Figure 2.
As attended, USA have the record of published tweets (about 35% of the total amount), whereas
Europe is the second area of tweets production with the 25%. This result can be justified by
considering that Twitter, together with Facebook, is one of the most used social networks in both
USA and Europe.

Figure 2. Location of the tweet posting
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3. Tweet Trend
This experiment focuses on the period of tweet creation for each day in the period from April 1,
2013 to March 31, 2014. The graphic in Figure 3 depicts the result of this analysis.
The resulting curve describes a particular trend. Indeed, it presents some peaks in
correspondence to summer months (i.e., June, July and August) and the end of December
(Christmas Holidays). Hence, we can argue that these months are those of major Twitter users’
activity. These increased frequency of tweets publishing can be due to different factors, for
instance, more free time or a higher number of advertising campaigns.

Figure 3. Frequency of tweet publishing from April 2013 to March 2014

4. Tweet Source
Now we consider tweet sources, that is the devices used to send a tweet. To carry out this
experiment, we count tweets according to the value of the tweet source. In Figure 4, we show the
results of this analysis.
We can observe that the higher percentage of tweets come from Apple IPhone devices. This type
of device has the Twitter application installed by default and natively handled by the IOS system.
The following three most used sources are Web browsers, Android smartphones and Blackberry
smartphones.
It is also possible to send tweets from Facebook via a specific application; this possibility was
preferred by the 1,34% of analyzed users. Others interesting sources are Twittbot.net and
TweetDeck. The former is a Japanese Web site, which allows multiple users to post to a single
Twitter account, and a single user to post to multiple Twitter accounts, whereas the latter is a
social media dashboard American application for management of Twitter accounts. Finally, we
denote by others all sources with a percentage of use less than 1% (e.g., Windows Phones,
UberSocial, Janetter o Echofon, Istagram, Tumblr and Ask.fm).
http://www.webology.org/2015/v12n1/a131.pdf
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Figure 4. Tweet sources

5. Tweet Language
In this experiment, we put our attention to the most used languages in which the analyzed tweets
are written. To do so, we classify tweets depending on the language used. In Figure 5, we present
the result of this experiment. It is not surprising that English turns out to be the most used
language, followed by Japanese and Spanish. These languages are, indeed, the most spoken in
the whole world.

Figure 5. Languages of tweets

6. Tweet vs. User’s Joining Date
The aim of this experiment is the estimation of the percentage of tweets classified according to
the joining date of the user who sent them (i.e., the date of creation of the twitter account from
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which the tweet has been published). For this analysis, we consider years from 2006 to 2013.
Figure 6 shows the results of such analysis.
We consider active a user who sent at least a tweet per year of life. Figure 6 describes a
particular trend. Users who create an account before 2008 are no more active, whereas users
newly registered are active users and the more they are younger on the social site, the higher the
frequency of tweets they send.

Figure 6. Number of tweets vs. registration year

7. Tweet vs. User’s Popularity
This experiment focuses on the rate of tweets per users grouped according to their popularity on
the Social Network. User popularity depends on many factors, for instance the number of friends
and followers, the number of retweets or the number of mentions. For this analysis, we consider
both the number of friends and that of followers of a user to estimate his popularity.
We draw four different levels of popularity, which are:
o Top Popularity: user with more than 4000 friends and more than one million of followers;
o High Popularity: user with more than 4000 friends and more than 5000 followers;
o Mean Popularity: user with a number of friends between 1000 and 4000 contacts and a
number of followers from 1000 to 5000 contacts; and
o Low Popularity: user with less than 1000 friends and less than 1000 followers.
In Table 1, we list the number of users grouped according to popularity. In order to carry out this
experiment, first we measure the number tweets created by these users. Then, we compute the
percentage of tweets sent by these users in average. The results are shown in Figure 7.
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We can observe that top users have published more tweets than the others have. Hence, the more
a user is popular, the more his activity level in sending tweets. Although top users represent a
very small percentage of Twitter users, they generate more than 80% of Twitter traffic. This
trend reflects the trend known as power law (Mislove et al., 2007).
Table 1. Number of users per different levels of popularity

analyzed users
top popularity users
high popularity users
mean popularity users
low popularity users

2.5millions
29
21000
115000
> 2millions

Figure 7. Number of tweets vs. user’s popularity

Related Work
In this section, we briefly discuss the literature devoted to the analysis of the behavior of users
when they operate in a social network (Buccafurri et al., 2014b; 2014a; 2014c). An analysis of
user behavior for OSN workloads forecasting is presented in (Benevenuto et al., 2009). The
studies done in (Gill et al., 2007; Cha et al., 2007; Maia et al., 2008; Cheng et al., 2008) focus on
the generated content of YouTube users. The issue of the age differences and similarities of users
with respect to their activities in MySpace is discussed in (Pfeil et al., 2009). A study on the
nature of Facebook is proposed in (Ross et al., 2009), which is based on a sample of
undergraduate students. The authors of (Gyarmati & Trinh, 2010) try to characterize user
activities and usage patterns in some popular OSNs like Bebo, MySpace, Netlog, and Tagged.
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Structural properties of the friendship network of three major systems are compared in (Ahn, et
al., 2007). In particular, the authors analyse sample networks from Cyworld, Orkut, and
MySpace in terms of degree distribution, clustering coefficient, degree correlation, and average
path length.
Several studies have looked at the comparison of the behavior of users among different OSNs
(Gyarmati & Trinh, 2010; Zhao et al., 2011; Shen et al., 2013; Forouzandeh et al., 2014;
Jalalimanesh & Yaghoubi, 2013; Fogg & Iizawa, 2008; Gao et al., 2012; Buccafurri et al.,
2014a; 2012; 2013; 2014d; 2014e; 2015a; 2015b).
A comparative study about the structural properties of social sites is described in (Mislove et al.,
2007). In particular, the authors perform a large-scale measurement study and analysis of the
structure of four major systems in which they have confirmed the power-law, small world and
scale-free properties of the services.
In (Shen et al., 2013), the authors collect objective, privacy-preserved behavior data from user
that are active in both Facebook and Gmail. The authors make a comparative analysis on user
behavior in OSNs and their way of using email services.
Specific analyses of Twitter are presented in (Teevan et al., 2011; Java et al., 2007). In particular,
(Teevan et al., 2011) provides a deep analysis of large-scale query logs and supplemental
qualitative data, whereas (Java et al., 2007) focuses on the study of the topological and
geographical properties.
From this point of view, our paper provides an original analysis on the use of tweet, which
represents an important step head in understanding the behavior of Twitter users.
Conclusions
Twitter is perhaps the most influential online social media platform and its analysis is a great
challenge for the research community. In this paper, we carried out a study on the tweets posted
between April 2013 and March 2014. Due to the huge amount of data, tweets have been sampled
and pre-processed to discard dirty data. Then, we applied several analysis techniques to infer
significant results. Our analyses are not only of statistical type, as they concern aspects of user’s
behavior. We focused on tweet typology, location and language of users, frequency of tweeting,
and found important relations between user activity and its time of Twitter registration.
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