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ABSTRACT

The growing popularity of Online Social Networks (OSN)
is generating a large amount of communication records that
can be easily accessed and analysed to study human social
behaviour. This represents a unique opportunity to under-
stand properties of social networks that were impossible to
assess in the past. Although analyses on OSN conducted
hitherto revealed some important global properties of the
networks, there is still a lack of understanding of the mecha-
nisms underpinning these properties, their relation to human
behaviour, and their dynamic evolution over time. These as-
pects are clearly important to understand and characterise
OSN and to identify the evolutionary strategy that favoured
the diffusion of the use of online communications in our so-
ciety.

In this paper we analyse a data set of Twitter communica-
tion records, studying the dynamic processes that govern the
maintenance of online social relationships. The results reveal
that people in Twitter have highly dynamic social networks,
with a large percentage of weak ties and high turnover. This
suggests that this behaviour can be the product of an evo-
lutionary strategy aimed at coping with the extremely chal-
lenging conditions imposed by our society, where dynamism
seems to be the key to success.

Categories and Subject Descriptors

H.3.4 [Information Storage and Retrieval]: Systems
and Software—information networks; H.3.5 [Information

Storage and Retrieval]: Online Information Services—
web-based services

General Terms

Measurement, Human Factors
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1. INTRODUCTION
Online Social Networks (hereafter OSN) are one of the

most important communication means that we use in our
everyday life. They help us to maintain our social rela-
tionships with family and friends, as well as to enlarge our
professional sphere and to acquire knowledge and new ideas
from the network. OSN popularity is due to their ability to
transform people into active producers of information, let-
ting them create, access and share contents anywhere and
anytime.

These unique characteristics of OSN are producing strong
effects on our society, but the extent to which they are im-
pacting on human social behaviour is still unknown. Never-
theless, there is no doubt that their role will be of primary
importance in our future. For this reason, studying peo-
ple’s behaviour in OSN is of great value to understand how
the society is evolving and how we can contribute to the
process, designing future OSN able to fulfil users’ needs in
terms of management of social relationships through digital
communications.

In this paper we analyse a Twitter data set containing
communication traces of more than 2 million users to study
the dynamic properties of the behaviour of OSN users and
to start indicating analogies and differences between online

and offline social networks, comparing our results with the
findings in literature about more traditional types of social
networks (e.g., face-to-face or phone calls social networks).

The novelty of our work, compared to other analysis per-
formed on OSN, resides in the uniqueness of our data set,
and in the focus on the dynamic evolution of social struc-
tures over time. In fact, we were able to obtain the last
3, 200 tweets of a large data set of users, that is in most
cases enough to represent their whole communication his-
tory. This allowed us to carry out a sensitive analysis about
the evolution of human social behaviour in Twitter over time
(our data set covers user activities over a time span up to
7 years, and, on average, of one year). This new approach
to studying the dynamic properties of social relationships
and networks revealed many important aspects of OSN that
should be considered to correctly understand their social
properties. To the best of our knowledge, this is the first



work that provides an extensive characterisation of the dy-
namic evolution of human social structures in one of the
reference OSN.

The analysis of the evolution of human social behaviour
in OSN has several practical implications. For example, it
could be the basis of innovative applications that dynami-
cally track the structure of the social networks of the users,
helping people in the maintenance of their social relation-
ships and suggesting possible actions to improve their social
experience. Or, it could be used to classify users based on
their dynamic behaviour (we show that different classes of
users can be identified), and use this classification as con-
text information for customising other OSN applications. In
general, it can be used for personalising the OSN applica-
tions experience to the specific dynamic social behaviour of
the users.

The results of our analysis indicate that in Twitter people
behave in a significantly different way than in other kinds
of social networks. One of the key results we present is
that people prefer to maintain weak social relationships than
strong ones, with a high turnover of contacts in their net-
works. This behaviour fits perfectly in our extremely dy-
namic society, where people must quickly adapt to cope with
frequent changes in their life, from their sentimental sphere
to their work. OSN like Twitter seem thus to be useful tools
to have more access to new resources from the network and
to manage light-weight social relationships, easy to be cre-
ated, maintained and destroyed when needed. For this rea-
son we think that this use of OSN can be seen as part of an
evolutionary strategy adopted by humans to cope with the
very dynamic conditions of the society we live in. Note that
these results become evident only when the dynamic evolu-
tion over time of OSN social relationships is studied, while
they remain “hidden” in static analyses (like those available
in the literature) that observe the aggregate properties of
social relationships over long time intervals. In addition, we
also highlight the existence of different types of users, that
can be broadly divided into two main categories: people who
have a short, but intense, activity and people who interact
with social peers for long time intervals. Different properties
can be highlighted for these different classes, with the latter
having smaller, but more stable, networks than the former,
and much more similar to social networks found in previous
analyses (such as [31]).

Finally, our results also suggest that, while there is a large
number of users that abandon Twitter after a relatively short
amount of time, there is a significant fraction of users that
keep using it mostly at a constant rate. This suggests that
the hypothesised decline in the use of OSN [26,29] may not
be present (at least in Twitter).

The paper is organised as follows: in Section 2 we intro-
duce the related work in literature about the study of human
social behaviour in social networks, from the point of view
of different disciplines that analyse the subject. In Section 3
we describe the data set we collected and analysed. Then, in
Section 4 we describe the methodology we used to study the
data set. Hence, in Section 5 we present the main results of
the analysis. Finally, in Section 6 we draw the conclusions
of our work.

2. RELATED WORK
In this Section we summarise the main results about

the characterisation of human behaviour in social networks

found in different research fields. We classify social net-
works into two different categories: offline and online social
networks. With the term “offline” we refer to all the so-
cial networks maintained with traditional (i.e., non-digital)
communications. On the other hand, “online” is referred
to social networks maintained by using digital communica-
tions (e.g., e-mail, social media applications, phone calls).
This distinction helps us to identify the difference between
the two worlds, and to understand how the introduction of
digital communications shaped human social behaviour.

2.1 Offline social networks
The study of social networks started from the analysis

of offline networks, typically extracted from questionnaires
data and interviews. These kind of social networks have
been primarily analysed in sociology, anthropology and evo-
lutionary psychology.

2.1.1 Social network analysis

Social networks analysis (SNA) emerged from sociology in
the 20th century. The first pioneers of SNA defined social
networks as an ensemble of ties denoting the existence of
a social connection between two individuals. From sociol-
ogy, many important aspects of social networks have been
found. Mark Granovetter discovered that our social contacts
have different characteristic properties and their strength is
unevenly distributed in the network. Strong ties are main-
tained with people close to us, while weak ties usually rep-
resent bridges between different communities and are thus
important for accessing new ideas and resources [15]. Gra-
novetter, in his seminal work, gave also an informal defi-
nition of tie strength, that is still used in many different
analyses. Peter Marsden was one of the first to test the defi-
nition of tie strength given by Granovetter applying an ana-
lytic model on real data [20]. His findings revealed a strong
correlation between the terms “tie strength” and “emotional
closeness”. Ronald Burt discovered that the social capital
- that can be assimilated to the concept of quantity of re-
sources acquired from the network - is negatively influenced
by the presence of discontinuities in the distribution of social
links in the network, called structural holes [5]. If a person
can broker connections between otherwise disconnected seg-
ments her social capital increases.

Another important property of social networks is the av-
erage distance, the average shortest path length between any
tho people in the network. Stanley Milgram, in his famous
experiment, found that the typical distance in a social net-
work is around 6. This property is better known as the
“small world” or the “six degrees of separation” [27].

In general, sociologists focused their attention on the
structural properties of the network, explaining the rela-
tion between these properties and human behaviour. For
a complete description of all the known properties of social
networks seen from a technical point of view we refer the
reader to [10].

2.1.2 Ego networks and evolutionary psychology

A different approach to the study of social networks has
been adopted by anthropologists and evolutionary psychol-
ogists. Rather then focusing on the global properties of the
network they look at the local properties of personal so-
cial networks, often called ego networks. An ego network
(depicted in Figure 1) is a simple model that describes the



Figure 1: Ego network model

social relationships between an individual, called ego, and
all the contacts ego has with other people, called alters - as
defined by the standard notation in ego network analysis.
The tie strength between ego and alters is modelled as the
distance between them and is often estimated using the fre-
quency of contact or the time since last contact between the
people involved in the relationship [4,16].

The most important result found on ego networks is that
there is a limit on the number of alters people can actively
maintain in their network, due to the cognitive constraint
of human brains. This limit has been discovered by Robin
Dunbar, who pioneered the study on primates, finding a pos-
itive correlation between the neocortex size - the part of the
brain responsible for social activity - of different type of apes
and the size of their social groups [9]. Dunbar predicted that
the size of social groups in humans, given their large brain
size, should be around 150 - this number is known as the
Dunbar’s number. Dunbar’s hypothesis has been validated
with many different experiments in offline and online social
networks [4,13,31].

Another important result found on ego networks is that
alters around ego form a layered structure with a series of
inclusive concentric circles with typical characteristics and
size (depicted in Figure 1). Ego can be envisioned as sitting
in the centre of these circles and alters are placed around
her depending on their emotional closeness. Inner circles
have higher emotional closeness and frequency of contact,
but lower size, since maintaining these strong relationships
is extremely expensive. Moving from the inner to the outer
layers, the emotional closeness decreases and the size of the
layers increases, due to the lower cost of the relationships.

In anthropology and psychology literature four layers are
usually identified in ego networks, as depicted in Figure 1.
The first layer, called support clique, contains the alters to
whom ego seeks advice in case of strong emotional distress
or financial crisis and is usually limited to an average of 5
members. The other layers are called sympathy group (15
members), affinity group (50 members) and active network

(150 members). The active network corresponds to the set
of people that are actively maintained by ego in her net-
work, identified by the Dunbar’s number. The remarkable
property of these layers is that the scaling ratio between the
size of adjacent circles appears to be a constant in humans
and is close to 3 [31]. The representative frequency of con-
tact associated with these layers is one message a week for
the support clique, one message a month for the sympathy
group and one message a year for the active network. The
properties of the affinity group are not accurately defined

in anthropology and have been only recently investigated
in OSN [2, 3]. Other layers exist beyond the limit of the
Dunbar’s number, but the social relationships they contain
represent only acquaintances, for which ego does not actively
invest cognitive resources. For a complete ethnographic def-
inition of the different ego network layers see [25].

Ego networks in evolutionary psychology have been stud-
ied mainly to understand the cause that induced humans
to develop a large and extremely expensive brain compared
to other animals. The analysis of social networks lead to
the “social brain hypothesis” (SBH). SBH identifies the key
factor at the basis of the evolution of human brain as the
growing need for our ancestors to maintain an increasing
number of social relationships with different groups to sur-
vive in the extremely challenging environmental conditions
arose during the last ice age [9].

During their evolution, animals developed different mech-
anisms to ease the burden of maintaining their social rela-
tionships - recognised as one of the most expensive tasks
in terms of cognitive resources. For example, primates use
grooming to reinforce their alliance with others. Similarly,
humans developed language as a convenient and light-weight
instrument to maintain their relationships [8]. Language has
been refined and evolved in various forms, such as gossip -
that enables people to maintain more than one social rela-
tionship at the same time talking with friends about other
friends - and mentalisation - the process that allows a person
to understand the mental state of other people.

In this context, OSN can be seen as an example of evo-
lution in the language domain. Using them people are able
to talk directly to friends or kin, to send broadcast mes-
sages to all their contacts, to access information and news,
to interact with entities other then humans (e.g., companies,
institutions, associations) and to create, access and share
multimedia content that can be used to express their feel-
ings, all in one place.

Since the advent of OSN, many different studies have been
done to understand the social properties of online social en-
vironments, both from a SNA perspective and from an evo-
lutionary point of view. Despite this, we think that there is
still a lack of knowledge regarding the extent to which OSN
are changing human behaviour in our society and how they
will contribute to the evolution of our social relationships in
the future.

In this paper we contribute to fill this gap, by analysing
the dynamic properties of social relationships in Twitter.
This allows us to make well-grounded, though initial, hy-
potheses on the reasons - from an evolutionary psychology
perspective - behind the results that we found. Going more
in detail and validating these hypotheses is an extremely in-
teresting subject of further investigation, that will however
need custom experiments to verify individual results, and is
therefore not covered in this paper.

In the following Section we summarise the most important
analyses in literature about online social networks.

2.2 Online social networks
Since the advent of the digital era, humans have intro-

duced new methods to interact within the virtual world of
digital communications. The availability of digital commu-
nication traces, recorded and stored in centralised servers,
paved the way for new opportunities in social network anal-
ysis. OSN data have been used to validate hypotheses that



were tested on small samples collected through expensive
and time consuming questionnaires, or that were simply im-
possible to test before the advent of OSN due to the lack of
data. The typical structural properties of social networks,
including the small world effect, have been found in many
different OSN (see for example [17,18]).

Besides the studies regarding the structural properties
of OSN, other work has been done to characterise the lo-
cal properties of social relationships in OSN. For example,
in [12], the authors try to define the relationship between
the tie strength - the importance of a social relationship in
the network - and the different observable variables obtained
through OSN communication data. The same authors ap-
plied the created model on a different medium, finding con-
sistent results in terms of tie strength among the same social
relationships in different OSN [11]. This kind of analysis
has been carried out in greater detail in [4], where the au-
thors find a connection between the definition of tie strength
given by Granovetter in [15] and the composition of factors -
formed of observable variables downloaded from Facebook -
that explain the emotional closeness in the online relation-
ships. The evaluation of emotional closeness collected by the
authors allowed them to find a first evidence of the presence
of the Dunbar’s number in Facebook. Another analysis, per-
formed on Twitter, validated the presence of an asymptotic
behaviour in the communication patterns ascribable to the
idea of the Dunbar’s number [13]. In [2] and [3] the authors
found ego network structures in Facebook and Twitter simi-
lar to those found in offline social networks, with concentric
layers with compatible size and scaling factors. In [3], the
authors found evidences of a difference in behaviour between
separate types of users in Twitter, with those related to “hu-
mans” showing a limit ascribable to the Dunbar’s number
and those that appear not to be “human” who were not af-
fected by such constraints. Recent work on phone call social
networks showed that there are some important properties of
OSN ascribable to human behaviour. For example, in [24],
the authors found that the tie strength is not evenly dis-
tributed within ego networks, but it follows a specific shape,
called “social signature”, characterised by the presence of a
few strong ties and many more weak ties - in line with the
ego network model described in Section 2.1.2. In [21], the au-
thors give an interesting insight into the dynamics of social
relationships in phone call social networks. They identify
the presence of a limited capacity each ego can devote to so-
cial activity. Moreover, social relationships are dynamically
activated and deactivated over time, resulting in a constant
ego network size.

Some work has been done to analyse the dynamic aspects
of OSN (see for example [14,30]), but it is mainly focused on
the study of the growth of the number of social relationships
in the network over time. In this paper we look in detail at
the the evolution of the different social structures of the ego
networks of the users, that, to the best of our knowledge,
has never been done before.

In [30] the authors analysed a large-scale data set obtained
from a popular Chinese OSN (RenRen) studying the dynam-
ics of the network. They found that users are most active in
building their links shortly after joining the network, even-
tually decreasing their activity over time. They also found
that the presence of communities has a significant influence
on user’s behaviour. In fact, users belonging to a commu-
nity are more active in creating new social links, they have

longer lifetime and they interact more with other peers in
the same community compared to stand-alone users. In [14]
the authors built a social network formed of publicly avail-
able profiles on Google+, augmenting the network with four
additional attributes (i.e., school, major, employer and city)
for each node. The results revealed that in some cases the
network of attributes shows distributions significantly differ-
ent from the plain social network. Moreover, attributes have
a strong impact on social structure, with interesting differ-
ences among different attributes. In [19], a similar analysis
on Google+ is presented. The study is focused (as in [14])
on the analysis of statistics about the structure of the net-
work (e.g., clustering coefficient, degree distribution). The
results are sometimes in contradiction to the findings in [14]
and are focused on the relation between network properties
and the geographic distribution of the users, an aspect that
is orthogonal to our analysis.

Compared to our analysis, the work presented in [14,19,30]
present similar results in terms of growth rate of the number
of social relationships over time. Despite this, the analyses
are focused on the global growth of the network and they do
not consider local aspects of the ego networks of the users.
Moreover, they consider only the network of social contacts
(i.e., the existence of social links), without weighting the
links by the interactions occurred between people. This is
clearly an important aspect that must be considered to cor-
rectly analyse the social behaviour of people in online envi-
ronments, even though, to the best of our knowledge there
are no large-scale data sets about OSN other than Twitter
with the same detailed information needed for this kind of
analysis. Specifically, it is difficult to obtain the whole com-
munication history of the users with timestamps about the
single communication events needed to track the dynamics
of ego networks.

Recently, a study on Twitter [23] revealed that the struc-
ture of the ego networks of the users is related, as in offline
environments, to parts of one’s social world (i.e., to topics,
geography and emotions). The authors collected the last 200
tweets of a large sample of Twitter users (about 250, 000)
and, after a detailed categorisation of the messages sent by
the users into different topics, they found that users with
less-constrained ego networks structures (i.e., with access
to structural holes) tend to cover diverse topics. Moreover,
their results highlight that the majority of the users have
geographically-constrained networks and that the users are
clustered according to happiness (calculated with a senti-
ment analysis on the communication traces). Compared
to [23], we have been able to download much more data
for each user (up to 3, 200 tweets), that allowed us to make
a detailed analysis about the evolution of the social ego net-
works.

Although the work done so far on the analysis of OSN
has identified some important aspects of human behaviour
(see [1] for a survey on the aspects of human behaviour iden-
tified in Twitter), the dynamics of the processes governing
human social behaviour in online environments are still un-
known. In this paper we make a contribution to the field
with a fine grained analysis of the evolution of ego networks
over time in Twitter. This analysis reveals many important
aspects of human behaviour in OSN.

Before introducing the analysis, we describe the data set
we have collected and studied.



3. DATA SET DESCRIPTION
In this Section we describe the data set we used for the

analysis. We describe the crawler we used to obtain the
data from Twitter, the classifier we used to select profiles
related to“humans”and the descriptive statistics of the data.
Before continuing with the description of the data set, we
briefly introduce Twitter and the different communication
mechanisms it offers to its users.

3.1 Twitter and tweets
Twitter is an online social networking service founded in

2006 that has reached a very high popularity, with more than
500 million registered users as of 20121. The main feature
of Twitter is to enable its users to send short text messages
called tweets. Tweets can be up to 140 character-long mes-
sages containing tags to reference other users, keywords to
identify the topic of the message and links to web pages or
multimedia content.

Users can follow other users to automatically receive all
their tweets and visualise them in their home page. The
users that a person follows are her friends, whereas peo-
ple that follow that person are her followers. The act of
referencing a user in a tweet is called mention. Mentions
are direct messages sent to one or more people through the
mention mechanism and are a special form of direct com-
munication between users. Twitter enables users to directly
reply to any tweet automatically adding a mention to the
response. Replies often involve bi-directionality in the com-
munication, since they are mostly used to reply to previously
received mentions. Twitter allows the exchange of private
messages as an additional mechanism for direct communica-
tions. Despite this, the content of these messages is private
and cannot be accessed without the user’s permission. More-
over, private messages represents only a small subset of all
the messages exchanged on Twitter and therefore using only
them to identify direct communications between users may
result in an incomplete picture. For these reason, we do not
consider them in our analysis and in the rest of the paper we
refer to “direct communication” as the public direct tweets
only (i.e., mention and replies). Besides direct communica-
tion, all the tweets are automatically broadcast to all the
users’ followers. Tweets can be retweeted or, in other words,
forwarded by users to all their followers. Retweeting is a
really efficient communication means to rapidly spread in-
formation in the network. The special tags used to assign
one or more topics of a tweet are called hashtags, since they
are characterised by the presence of the “#” character be-
fore the name of the topic, as part of the text of the tweet.
Hashtags are used by Twitter to classify tweets and to clus-
ter them into categories, browsable by the users.

3.2 Data download process
We downloaded and analysed a large sample of Twitter

communication data which we used to build ego networks
representing personal online social relationships of Twitter
users. We collected data about Twitter user profiles and
the complete history of their tweets. To obtain the data we
crawled Twitter from November 2012 to March 2013, down-
loading a total of 2, 428, 647 complete user profiles. The
crawler agent we used is described in more detail in [3]. The
crawler uses Twitter REST API to collect data regarding

1According to Twitter CEO Dick Costolo in October 2012
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user profiles and all their tweets, for a maximum of 3, 200
tweets per user - due to the restrictions imposed by the
API. The crawler follows links between users to build a net-
work of connected profiles2. Specifically, it uses the follow-
ing/followers lists and the content of direct messages (i.e.,
replies and mentions) to identify new profiles to download.
The data we obtained is an extension of the data set used
in [3]. The present data set contains many more profiles,
since we ran the crawler for four additional months. This
allowed us to carry out a detailed analysis of the dynamics
of Twitter ego networks.

3.3 Detecting humans in the crowd
Since our goal is to analyse human behaviour in Twitter,

we isolated from the data set the user profiles presenting
recognisable human characteristics, discarding all the other
kinds of profiles that do not appear to be “humans”. For
example, we want to discard profiles run by companies, in-
stitutions, bots and all the other profiles that can be in-
tuitively classified as “non-humans”. Results in [3] showed
that this intuitive distinction is accurate enough to sepa-
rate users characterised by well-known social properties as-
cribable to humans (i.e., limits imposed by cognitive con-
straints) from users without these properties, evidently not
humans. To automatically perform the separation between
“humans”and“non-humans”we used a classifier, specifically
a Support Vector Machine (SVM), already used in [3]. The
method we used is similar to that proposed in [6], where
the authors present a supervised learning approach to clas-
sify Twitter account into four different categories (i.e., or-
ganisations, journalists/bloggers, ordinary individuals and
other). Our SVM uses 96 features extracted from Twitter
data. These features are related both to users’ profiles and
their tweets (e.g., number of friends and followers, whether
the profile has been verified by Twitter or not, number of
tweets, retweets, replies and mentions sent by the user). We
trained the SVM with 500 manually classified user accounts.
The manual classification was carried out taking a random
sample of profiles from Twitter and giving a binary classifi-
cation based on the visual inspection of each Twitter profile
page. After training the SVM we tested its accuracy on a
test set of 100 accounts, which we manually classified, but
that were not used during the training phase. The accu-
racy of the SVM is 0.813 with a 95% c.i. equal to (0.789,
0.837). Although this result could be improved using a larger
training set, it is comparable with the results in [6] and is
sufficient to draw significant results about human behaviour

2The crawl started from a very popular user, so that we
could immediately have a large sample of other users at the
first hop of the process.



in Twitter, while required to analyse only a very small per-
centage of crawled accounts.

3.4 Data set properties
After applying the SVM on the data set we obtained

1, 653, 155 “human” profiles, about 68% of the total num-
ber of users in the data set. To the best of our knowledge,
this is the first time the estimation of the percentage of “hu-
man” profiles is calculated on Twitter. The large number of
“non-human” profiles in the data set gives us a first inter-
esting picture of Twitter. In fact, it indicates that Twitter
is an online environment where different types of users co-
exist and interact. This feature makes OSN different from
more traditional communication means, which often create
a separation between different social environments. People
using Twitter receive multiple social benefits at the same
time, being able to manage more social domains in the same
place.

In the first column of Table 1 we summarise the proper-
ties of the profiles in the data set, considering human users
only. We report the mean values of the indicated statis-
tics, averaged for all the profiles. The active lifespan of the
profiles, the distribution of which is depicted in Figure 2,
indicates the temporal length of the period in which each
profile actively sent tweets. The active lifespan of a user
starts with her first tweet and ends with her last tweet. Since
our analysis is focused on the social activity of the users on
Twitter, we think that measuring the duration of a Twit-
ter account using its active lifespan is appropriate for this
work. Of course, some of the users in Twitter could be lurk-
ers, not actively investing their resources in the maintenance
of their social relationships. Since the aim of this study is
to obtain a detailed characterisation of the evolution of the
social structures actively maintained in Twitter through di-
rect communications, we are not interested in lurking-only
users, for they do not actively interact with other people.
Moreover, as pointed out in [22], there is not a sharp sepa-
ration between lurkers and active users, since all the users
alternate between lurking behaviour and active behaviour
when using social-oriented virtual environments. For this
reason, we think that considering direct communications is
sufficient to capture the social behaviour of all the different
types of users in Twitter.

To make the definition of active lifespan more clear, let us
consider the following example. If a profile had been created
four years before the download, but the user associated with
the profile sent tweets only during the first year and then
stopped using Twitter (at least for sending tweets), the re-
sulting active lifespan of the profile is one year. The shape
of the distribution in Figure 2 indicates that either most of
the profiles have been created just before we downloaded the
data or their activity on Twitter is very low. However, the
long tail indicates that we were able to obtain profiles with a

Table 1: Data Set Statistics
variable mean - all mean - active

duration (days) 321.846 [0.628] 448.201 [0.762]
replies 208.923 [0.609] 290.885 [0.801]

mentions 103.882 [0.459] 144.634 [0.625]
retweets 151.492 [0.496] 210.924 [0.661]

plain text twts 280.037 [0.773] 389.810 [1.011]
twts w urls 4.813 [0.032] 6.698 [0.045]

twts w hashtags 56.411 [0.203] 78.529 [0.273]

tweet history of up to almost 7 years (i.e., the complete tweet
history of some of the oldest profiles in Twitter), despite the
limit of 3, 200 tweets imposed by the Twitter API. During
the manual classification of the training set (described in
Section 3.3), we noted that “humans” rarely generate more
than 3, 200 tweets, and most of the profiles exceeding the
limit were “non-humans”3. Indeed, only 0.02% of the “hu-
man” profiles in the data set exceed this limit. Nevertheless,
the small peak in the distribution between 1, 200 and 1, 400
days could be ascribed to the presence of this limit, that
prevented us from obtaining the complete active lifespan of
some of the downloaded profiles. Despite this, the number
of profiles affected by this problem is very low and their last
3, 200 tweets are in any case a significant sample to describe
their social behaviour. For this reason, the data set we col-
lected is well suited for our analysis.

In Table 1, we notice that the mean active lifespan of
the “human” profiles in the data set (i.e., “duration” in the
Table) is equal to 321.846 days. This indicates that, on aver-
age, we captured almost one year of communications for each
user and this is sufficient to conduct our analysis. Replies
and mentions are about 39% of the total number of tweets
made by “humans” in Twitter. The exchange of these mes-
sages can be interpreted as a mechanism to actively main-
tain social relationships online and they should be strongly
affected by our cognitive limits, since they require the users
to spend cognitive resources to directly communicate with
the involved people. Besides, non-direct messages take the
largest part of the communication in Twitter. This kind
of communication is controlled by a more public behaviour
compared to direct messages and it should require less cogni-
tive resources, since we expect non-direct tweets to contain
a low value of emotional intensity.

The high number of replies could indicate a high number
of communication threads between people. In fact, replies
are usually used to reply to a previous mention and com-
munication threads are composed by an initial mention and
a series of replies to that mention. The presence of com-
munication threads is supported by the fact that the num-
ber of replies is, on average, broadly twice the number of
mentions. This is another strong indication of the main-
tenance of social relationships online. Retweets are largely
used by Twitter users and represent the willingness of people
to spread messages they are interested in within the network.
Seen from an evolutionary perspective, the diffuse usage of
retweets could represent a strategy used by humans to re-
ceive a global benefit from having access to more information
in the network, at the cost of being active in the diffusion
process.

Remarkably, non-direct tweets containing urls are less
used than the other type of messages (only 4.813 tweets with
urls sent on average by the users in our data set during their
active lifespan). In addition, the low number of tweets with
hashtags (i.e., 56.411 on average) could be ascribed to the
fact that Twitter officially introduced hashtags only between
2009 and 2010.

After selecting humans from the data set, we discarded all
the profiles that have not sent any tweets (i.e., with null ac-
tive lifespan), reducing the number of profiles to 1, 187, 105.

3Even though the SVM is not only based on this feature and
is able to correctly classify cases of “non-humans” tweeting
less than 3, 200 times in a period of time compatible with
“human” profiles
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Figure 3: Distribution of the number of tweets di-

vided by type

The statistics of these set of profiles are reported in the sec-
ond column of Table 1. We can notice that all the statistics
of the profiles increase when users with null active lifespan
are not considered, since the removed profiles do not con-
tribute actively to the generation of content in the network.

Figure 3 depicts the distribution of the communication
variables in the data set for the profiles with positive lifes-
pan. We separated direct and non-direct communication,
with the former identifying the explicit intention of the user
to mention other users in the messages. In the figure we
labelled retweets as direct communication, but their nature
needs further investigation. In fact, retweets are more simi-
lar to non-direct tweets, with the exception that they contain
the id of the user that initially generated the message and
the ids of users that retweeted it.

Mentions show a very long tail (the scale of the x axis
is different than for the other graphs), with some accounts
generating up to 23, 104 mentions. This high number of
mentions - apparently exceeding the limit of 3, 200 tweets -
is due to the fact that a single tweet can contain more than
one mention at the same time, or, in other words, many
people can be mentioned in the same tweet.

Before continuing with the analysis we further filtered the
data set, eliminating all the profiles created less than one
year before the time of their download. This reduces possible
artefacts due to including recently created accounts (with
respect to the end of the crawl) as well as accounts that
have been active only for a short amount of time. The data
set, after this selection, contains 644, 014 accounts.

3.5 From tweets to ego networks
From the set of active human users, we built a social ego

network for each profile. To do so we firstly defined a mea-
sure of the strength of social links between people in Twitter.
We say that a social relationship exists between two users, A
and B, if A sent at least a reply or a mention to B. This def-
inition involves a cost in terms of cognitive effort spent for
the maintenance of the relationship. As an estimate of the
tie strength we use the number of messages sent by A to B.
In this way, tie strength grows linearly with the number of
messages exchanged between two users. We think that rep-
resenting tie strength in this way is, at the moment, the best
possible solution, since models to study the relation between
tie strength and frequency of contact are still under investi-
gation in OSN, and the first results indicate that using linear
approximations leads to sufficiently accurate results [4].

Using the standard terms in ego network analysis, we call
ego a user associated with a profile and alters all the people
with whom ego has a social relationship. This definition
gives a “static” view of the ego networks in the data set,
aggregating all the communication of the egos, as typically
done in other studies [2–4,13,16]. This allowed us to make a
qualitative comparison between the ego network size in our
data set and that found in other studies in the literature,
before moving to analysing the dynamic properties of social
relationships. The total number of social relationships in the
data set is 57, 548, 091 with an average of 89.36 relationships
per profile. This result is in accordance with the findings of
other studies on OSN [2–4,13], but is considerably lower than
the Dunbar’s number found in offline ego networks [31]. This
could be due to the fact that Twitter is only one of the many
possible tools used to maintain social relationships and the
time dedicated to socialising in Twitter is still limited [7].

To better understand how these ego networks evolve over
time we analysed the time series of the tweets sent by ego
and we studied the composition of snapshots of the ego net-
works considering the communication occurred in time win-
dows of one year each. This allowed us to reveal important
insights regarding human social behaviour in OSN.

4. METHODS
To perform the analysis, we studied the time series of the

direct tweets (replies and mentions) and of the non-direct
tweets sent by each ego. For some performance indices (i.e.,
new users contacted per day and total number of new users
contacted) we counted the number of new alters contacted
by ego each day until the network is active. Instead, for
analysing the dynamics of the ego network structure, we
sliced the tweets time series taking snapshots of the duration
of one year each, then assessing the size and the composi-
tion of ego networks in each snapshot. We slid the one-year
temporal window taking steps of one day each, looking at
how ego networks change over time.

By taking temporal windows of one year we were able
to capture all the active contacts maintained by each ego
and their evolution over time, according to the definition of
active network introduced in Section 2.1.2 that identifies as
“active” friends all the alters contacted by ego at least yearly.
In this way we were also able to identify relationships that
the users abandoned over time. Note that we do not use the
notion of “unfollowing” (i.e., the explicit request of a user to
remove a person from her friends) to identify abandoned re-
lationships, since unfollowing is an extreme action that does
not capture the decline of a social link, but rather identi-
fies sudden breach in the relationships, due to particularly
negative and rare conditions.

We defined as sympathy group the set of alters contacted
at least once a month (i.e., contacted at least ∼ 12.17 times
in one year), and as support clique the alters contacted once
a week (i.e., contacted ∼ 52.14 times in one year). Doing
so, we were able to analyse how the different layers of the
ego networks change over time. We refer the reader to Sec-
tion 2.1.2 for the definitions of the different ego network
layers.

To be able to analyse the average behaviour of all the ego
networks we shifted the first communication of each ego net-
work (the time when ego started to actively communicate),
so that they start at the same point in time, specifically at



the origin of the coordinate system of each figure reported
in the following Sections.

To deeply analyse the behaviour of different users in Twit-
ter, we divided the users in three categories on the basis of
their active lifespan and we studied the differences in terms
of social behaviour between these classes. To do so, we took
the maximum lifespan in the data set and we divided it into
three equal parts, obtaining three groups of 802 days of du-
ration each. We decided to create exactly three categories
since this choice represents a good trade-off between the ac-
curacy of the results and their statistical significance. In
fact, adding more categories would have decreased the num-
ber of users in each group, leading to low significance. After
the categorisation we defined the following classes of users:
(i) occasional users (lifespan <= 802d) ; (ii) regular users
(802d < lifespan <= 1604d) and (iii) aficionados (lifespan
> 1604d). We expect these different categories of users to
show different behaviours and different ego network proper-
ties. Our data set is composed of 63.23% of occasional users,
35.22% of regular users and 1.55% of aficionados4.

Note that in the figures presented in Section 5, regarding
the composition of ego networks in each one year snapshots
(right-hand side plots in Figures 4 to 6 and 9), the value
of the x axis represents the starting point of each snapshot.
Thus, the maximum value of the axis is equal to the max-
imum lifespan of the ego networks in the considered class,
minus the duration of the snapshot (one year). In the figures
we report the average values as the curve in bold and the
corresponding 95% confidence interval as a lighter coloured
area around the curve (barely visible, most of the time).

As another contribution of this paper, we analysed the
evolution of the recency of contact (i.e., time since last con-
tact) between users, to understand how single social rela-
tionships evolve. To do so we measured the elapsed time
between consecutive messages within each relationship. We
averaged the results within the ego networks and then aver-
aged for all the ego networks. While this clearly mixes the
properties of different type of social relationships for a par-
ticular ego network, it provides a unique index that allows
us to compare the ego networks of different classes of users,
as explained in detail in Section 5.

After the analysis of the evolution of ego networks and
personal social relationships over time, we measured the sta-
bility of ego networks, assessing the proportion of alters that
users maintain in their networks over time. We estimated
this proportion by comparing consecutive - but separated -
one year snapshots and calculating their average Jaccard co-
efficient, then averaging the results for all the ego networks.
The Jaccard coefficient is a measure of the percentage of
overlap between sets defined as:

J(W1,W2) =
|W1 ∩W2|

|W1 ∪W2|
(1)

where W1 and W2 are two sets, in our case the one-year
windows of the ego networks. The Jaccard coefficient can
be a value between 0 and 1, with 0 indicating null overlap
and 1 a complete overlap between the sets. We calculated
the Jaccard coefficient for the different layers in the ego net-
works. This allowed us to determine the “turnover” that
takes place in the ego networks. This study is fundamental

4Note anyway that we still have around 10, 000 aficionados
in our data set, which makes the analysis of also this class
significant
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Figure 4: Ego networks properties for occasional

users

for understanding whether people maintain a stable network
of contacts in Twitter or they prefer to vary their social
relationships over time, and allowed us to define two dis-
tinct classes of users: (i) users with structured ego networks,
showing ego networks with composition and turnover similar
to those found in other more traditional social networks and
(ii) people without structured ego networks, showing higher
turnover.

5. RESULTS
In this Section we report the results of our analysis and

we interpret them from the point of view of human social
behaviour. The main axes of our analysis, as identified in
Section 4, are the presence of different categories of users
and, on the other hand, the presence/absence of a structured
ego network.

5.1 Twitter abandonment
As a first contribution of our analysis, we studied the be-

haviour of users that abandoned Twitter. We say that a user
has abandoned Twitter if her active lifespan is followed by
a period of at least six months of inactivity. In the data set,
the average active lifespan of users that abandoned Twitter
is 73.21 days, indicating that most of them are occasional
users. In fact, over a total of 159, 069 accounts that aban-
doned Twitter (i.e., 24.7% of our data set), 88.27% are occa-
sional users, whilst only 11.6% are regular users and 0.13%
are aficionados. From the distribution of the active lifes-
pan of occasional users (depicted in the bottom left part of
Figure 4) we can notice that there is a small number of ac-
counts with duration between 50 and 365 days. Yet, there is
a non negligible number of occasional users with a very short
lifespan (i.e., < 50d). These accounts represent people that
joined Twitter more than one year before the download, but
that abandoned it after a short period of activity. This class
of users can be seen as a sub-class of occasional users, who
subscribed to Twitter only to “give it a try”, but abandoned
it very soon.

5.2 Ego networks evolution over time

5.2.1 Number of different alters contacted

The first result worth mentioning is that the number of
new people that egos contact grows at a constant rate. This
is true for all the categories of users and can be seen in the
top left graphs in Figures 4 to 6. The graph labelled “New
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Figure 5: Ego network properties for regular users

contacts - daily” depicts the number of new users contacted
by egos during each day of their activity (averaged over all
users still active at that day), whilst “New contacts - sum”
represents the cumulative number of new users contacted by
ego over time (again, averaged across all active users). From
these graphs it is clear that, after a first phase in which ego
contacts new people at a higher rate, this number quickly
converges to a constant. The value of this constant is higher
for occasional users than for the other classes. The mean
over time is 0.222, 0.125 and 0.112 for the three classes, re-
spectively. This indicates that occasional users have more
dynamic ego networks, with a higher number of new social
links added over time compared to the other categories. We
can notice that the total number of different people con-
tacted by egos over time is, on average about 200 and it is
constantly growing, with little variation between the differ-
ent classes, even though the duration of the ego networks
changes considerably between classes. These results are in
accordance with the findings in [30], where the authors found
that users in RenRen (a popular Chinese OSN) are more
active in creating new social links shortly after joining the
network. The users eventually approach a constant number
of edges created per time unit once most offline friends have
been found and linked.

The presence of a constant growth rate is an important
aspect of human social behaviour, indicating high dynamism
in the ego networks of the users, that are constantly contact-
ing new people rather than maintaining a limited number
of stable relationships. This behaviour is confirmed by the
analysis of the set of people actively contacted within the
ego networks, reported below.

To understand how the constant addition of new contacts
in the ego networks impacts on the communication level with
the set of existing alters, we studied the evolution of the
size of the set of alters actively maintained over time, as
reported in Section 5.2.2. Moreover, in Section 5.5 we report
the analysis of the percentage of turnover (i.e., the degree
of variation in the set of alters actively contacted) for the
different layers in the ego networks.

5.2.2 Number of alters actively contacted

Even though the number of new alters contacted by egos
increases over time, the number of alters that are actively
maintained in the ego networks does not increase at the
same rate. This fact reveals the presence of a turnover strat-
egy within the ego networks, since the new contacts replace
other relationships that are not maintained by ego. The size
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Figure 6: Ego network properties for aficionados

of the ego network layers are depicted in the right column
of Figures 4 to 6, for the different categories of users. As
far as occasional users are concerned, the size of all the lay-
ers significantly decreases over time. Specifically, the active
network has a total decrease of 30.73%, the sympathy group
of 45.91% and the support clique of 53.22%. Regular users
show a different behaviour, with a considerable increase in
the active network size (31.16% in almost 4 years), but with
a decrease in the other layers (32.17% for the sympathy
group and 30.42% for the support clique). It is worth not-
ing that occasional users, compared to regular users, show
a higher value of new contacts added in their ego networks
daily and larger sizes in all the layers at the beginning of
their lifespan, eventually approaching sizes compatible with
the regular users. Aficionados show a considerable growth
in size in all the ego network layers, even though the rate at
which they contact new people is lower than for the other
categories. These results highlight the different behaviour of
the users in Twitter and indicate that occasional users have
an initial boost of activity followed by a decrease or a sudden
abandonment of the platform. Regular users and aficiona-
dos have a slower start, but they eventually increase the size
of their active network over time. Aficionados even increase
the size of their inner layers, indicating an investment in
strong social relationships, maybe due to the longevity of
such relationships, constantly reinforced through Twitter.

On average, the active network size lies between 30 and
80 for all the categories. This result suggests the effect of
cognitive constraints of human brain in online environments,
which limit the number of people that can be actively main-
tained over time, in line with the concept of the Dunbar’s
number. The small active network size, compared to offline
social networks size found offline (equal to 132.5 [31]) can be
related to the fact that Twitter is only a part of the complete
social network of the users and the time spent on Twitter
is still low compared to the time spent socialising in person,
even though this discrepancy is constantly decreasing [7].

The lower growth rate shown by the sympathy group and
the support clique compared to the active network (even
negative for occasional users and regular users) suggests
the presence of a strategy whereby people prefer dynamic
ego networks formed of light-weight social relationships that
give access to a larger amount of network resources [15],
rather than more stable ego networks with stronger and
well-consolidated relationships. Note however that for afi-
cionados (i.e., users that spend a lot of time maintaining
their social relationships in Twitter) this preference towards
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egory

light-weight social relationships is way less marked, making
their behaviour much more similar to the one highlighted in
previous studies of social networks [31].

Finally, the rate at which egos contact new users is nega-
tively correlated with ego networks growth rate, indicating
that users spending a lot of their time adding new people
to their networks do not have enough resources to maintain
all these relationships over time and their layers inevitably
decrease in size. This is in accordance with the idea that
our social capacity is limited by cognitive constraints and
going beyond our limits could even brake up our social net-
work [25].

5.3 Non-direct communications
We studied how the number of non-direct tweets (i.e.,

plain text tweets, tweets with hashtags and tweets with urls)
change over time for the different categories. The results are
depicted in Figure 7. Occasional users significantly decrease
the amount of non-direct tweets they send over time - apart
from tweets with urls, although these are very limited. This
category of users shows an initial boost of activity followed
by a gradual decrease, as already found for direct commu-
nications. Regular users show a much more stable trend for
what concerns the number of plain text tweets, with a value
asymptotically converging towards ∼ 100 tweets sent in each
one-year window. Yet, the number of non-direct tweets is
noticeably lower than for the previous category, even though
it is increasing over time. This indicates that regular users
are less affected by an initial boost, and they rather have a
slow start. Aficionados show a similar pattern, apart from
plain text tweets, which show a peak in the first two years
of their active lifespan. This peak could be due to an initial
enthusiasm in the platform at a global level, since this cat-
egory contains some of the oldest profiles in Twitter. After
this initial phase, the number of plain text tweets converges
asymptotically to a value similar to the other classes.

These results tell us that whilst some users abandon Twit-
ter after a short period of time, the activity of the egos that
continue to use the platform remain stable, rejecting the hy-
pothesis of a convergence towards the OSN decline [26, 29].
This is in contrast with the results of [28], where the au-
thors found that, in Facebook, users are more active when
they join the network, decreasing their use rate over time.
Our analysis reveals that this behaviour is true only for oc-
casional users and that there is a non negligible amount of
long-term users contributing to the survival of the OSN.
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Figure 8: Days since last contact evolution over time

5.4 Evolution of personal social relationships
To better understand how personal social relationships

evolve in Twitter, we analysed how the average time since
last contact changes over time for each single social link in
the different categories. We divided the social relationships
in each category into “short” relationships, with duration
shorter than half of the maximum duration of the category,
“long” relationships, with duration longer than the same
threshold. Figure 8 depicts the number of days since last
contact between people involved in each social relationship
(on the y axis) as a function of the time since the begin-
ning of the relationship (x axis). From the figure we can
notice that all the distributions show a “bow” shaped curve.
This particular shape tells us that, on the one hand, so-
cial relationships have an initial phase in which they have a
shorter time since last contact (i.e., higher frequency of con-
tact) followed by a gradual increment. On the other hand,
since some social relationships disappear as time passes, the
remaining social relationships have shorter time since last
contact, resulting in the gradual decay in the right most
part of the graphs.

It is worth noting that there is a significant variation in the
values of time since last contact in the different categories of
users, with occasional users having lower values compared
to the other classes. Once again, this supports the idea
for which occasional users have an initial boost of activity,
followed by abandonment or gradual decay.

5.5 Ego network turnover
Finally, we assessed the stability over time of each layer

for the different categories. To do so, we calculated the aver-
age Jaccard coefficient between separated one-year windows
in each ego network. To perform this analysis we further re-
duced the number of ego networks in the data set, since we
needed at least two years of active lifespan to calculate the
Jaccard coefficient between two different non overlapping
one-year windows. Thus, we selected 190, 249 ego networks
with active lifespan greater than two years. The average
Jaccard coefficients for the different layers are reported in
Table 2 under the label “all ego networks”. The low values
of Jaccard coefficient for all the layers indicate a percent-
age of turnover higher than 75%, with a maximum of 98.8%
for the support clique of aficionados. This reveals that the
average turnover in each layer is really high. Interestingly,
the turnover in the inner layers is higher than the turnover
in the active network. This result is in contrast with the
findings on phone call records analysed in [24], where the
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networks

authors found that for the top 20 ranking alters in ego net-
works - formed of social links weighted with the number of
calls between people in a fixed time period - the turnover is
lower than for the rest of the ego network. It is also worth
noting that occasional users show higher stability compared
to the other classes. This result could be explained by the
fact that the longer the lifespan, the higher is the probability
that the social relationships in the ego network change due
to turnover.

The low values of Jaccard coefficient in the inner layers
(i.e., 0.057 for occasional users, 0.024 for regular users and
0.012 for aficionados) could be influenced by the presence of
small support cliques and sympathy groups, that for many
egos do not even exist. For this reason we decided to calcu-
late the Jaccard coefficients considering only users that al-
ways maintain a structured ego network, or, in other words,
that show a non empty support clique in all the sampled
one-year windows. The results are reported in Table 2 under
the label “structured ego network”. In this case the values
on the Jaccard coefficient for the different layers are higher
than in the previous case and are compatible with the find-
ings in [24]. The values of the percentage of turnover of the
active networks are similar for all the different categories
and are about 81% (Jaccard coefficient ∼ 0.19). For what
concerns the other layers, the sympathy group show a per-
centage of turnover between 71.3% and 63.8%, whereas the
support clique 65.4% and 51.2%. These results denote a be-
haviour similar to other social networks, where the inner lay-
ers contain stronger relationships that should be intuitively
less affected by the turnover in the network. Nevertheless,
as already found in [24], also the inner layers are strongly
affected by turnover. The number of ego networks that show
a turnover pattern similar to those found in other social en-

Table 2: Average Jaccard coefficient of different net-

work layers

layer Occasional Regular Aficionados

All ego networks
active net 0.124 0.098 0.103

sympathy gr. 0.122 0.075 0.072
support cl. 0.057 0.024 0.012

Structured ego networks
active net 0.191 0.190 0.193

sympathy gr. 0.287 0.309 0.362
support cl. 0.346 0.395 0.488

vironments is 10, 307, only 5.42% of the analysed egos. This
is another strong indication that human behaviour in Twit-
ter significantly differs from other social networks involving
more traditional and dyadic communications. Remarkably,
in structured ego networks the categories of users with longer
lifespan have higher values of Jaccard coefficient, especially
for the inner layers. This tells us that users that maintain
structured ego network tend to reinforce their close relation-
ships over time, instead of devoting their time to supporting
weak relationships. Note that this is in accordance with the
analysis of the evolution of the sizes of the layers over time
for aficionados, discussed in Section 5.2.

We have further analysed the properties of these 10, 307
ego networks applying the same technique used in Sec-
tion 5.2.2. The results are shown in Figure 9. The active
lifespan of these ego networks ranges between 730 and 1, 749
days. These are the minimum and maximum active lifetimes
of ego networks in our dataset that always presented a non-
empty support clique. This definition allowed us to isolate
users with behaviour similar to that showed in “offline” envi-
ronments, where the support clique is maintained over time
by the majority of people as the most important part of their
networks.

Interestingly, the layers of the structured ego networks
are larger than the average, resembling the layers found
in [3], where the authors identify in Twitter a “super sup-
port clique”, as a set containing one or two alters with very
strong relationships with ego, perhaps a partner and/or a
best friend. Also the sympathy group and the active network
sizes are compatible with this previous study. Remarkably,
all the layers decrease in size as time passes and so does the
number of new alters contacted by ego. This could be ex-
plained by the presence of the initial boost of social activity
of occasional users. Nevertheless, egos with longer lifespans
prefer to consolidate their social relationships than adding
new contacts, as indicated by the decrease in the top left
graphs in Figure 9. This is in accordance with the results
presented in the previous Sections.

6. CONCLUSIONS AND FUTURE WORK
In this paper we presented a detailed analysis of the dy-

namic processes of ego networks and personal social relation-
ships in Twitter. The results indicate that human behaviour
in Twitter significantly differs from other social networks
studied in literature in different research fields. On aver-
age, compared to more traditional social networks, Twit-
ter presents smaller ego networks with a high percentage of
weak ties and a really high turnover. This fact led us to the
conclusion that the general behaviour of Twitter users is to
maintain a light-weight ego network formed of weak social
relationships suitable to maximise the amount of resources
accessible trough the network and limiting the number of
strong relationships. This type of user shows an initial phase
of very high activity that is inevitably followed by a grad-
ual decay or abandonment. On the other hand, a small but
noticeable set of users prefer a “slow” start with a gradual
increase of activity and more stable networks. This type of
user shows ego networks much more similar to those found
in previous analyses of social networks, with more stable in-
ner layers and larger active networks (with respect to the
first type of users). Moreover, our results also indicate that
users that do not immediately abandon Twitter tend to use
it at a regular rate in terms of direct and non-direct com-



munication. This suggests that the hypothesised decline in
the use of OSN might not be present, at least in Twitter.

Seen from an evolutionary perspective, the presence of a
vast majority of users of the first type, and the resulting dif-
ference between the properties of their Twitter networks and
conventional models of ego networks represents an interest-
ing fact, since their behaviour seems to be adapting to the
dynamism of our society, reflected in the need of new ways of
acquiring information in a very dynamic way through OSN
like Twitter.

Other interesting directions we are exploring at the mo-
ment include the study of the relation between ego network
dynamics and the structural properties of the social net-
work. This study could represent a further step for bridging
the gap between online social network analysis and more
traditional approaches derived from social sciences.
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