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One of the fundamental and most studied features in a social network is the
detection of central nodes, which can usually be considered as the most important
nodes [6,7,12]. Centrality is widely-used for measuring the relative importance
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Abstract. In this paper, we study the evolution of the most influential
users in the microblogging social network platform Twitter. To this aim,
we consider the Dynamic Retweet Graph (DRG) proposed in [3] and par-
tially analyzed in [2,4]. The model of the evolution of the Twitter social
network is based on the retweet relationship. In a DRGs, once a tweet
has been retweeted the last time all the edges representing this tweet are
deleted, to model the decay of tweet life in the social platform.

We consider the following measures of centrality: degree, closeness,
and pagerank-centrality which have been widely studied in the static
case. Here we analyze them on the sequence of DRG temporal graphs
with special regard to the distribution of the 75% most central nodes.

We derive the following results: (a) in all cases the closeness measure
produces many nodes with high centrality, so it is useless to detect influ-
ential users; (b) for the other measures almost all nodes have null or very
low centrality and (c) the number of vertices with significant centrality
are often the same; (d) the above observations hold also for the whole
DRG and, (e) central nodes in the sequence of DRG temporal graphs
have high centrality in static graphs.
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of nodes within a graph and has many applications: in social networks to deter-
mine the most influential or well-connected people; in the Web graph to rank
pages in a search; in a terrorist network, to detect agents that are critical for
facilitating the transmission of information; for the dissemination of information
in P2P Networks, Decentralized Online Social Networks and Friend-to-Friend
Network [10].

There is a plethora of centrality definitions: degree centrality [16], closeness
centrality [5], graph centrality [13], stress centrality [17], betweenness central-
ity [11], each one of them useful to detect specific properties and with signifi-
cantly different computational costs. Here we consider four of them: the degree,
closeness, betweenness, and PageRank-centrality.

Degree centrality, i.e. the degree d,, of a vertex v, is the simplest measure of
centrality: it just takes into account how many direct, “one hop” connections
each node has to other nodes of the network, hence it can be applied to detect
popular individuals, agents who are likely to hold most information or individuals
who can quickly connect with the wider network. The degree centrality is very
cheap to compute but, being a purely local notion, it is often unable to recognize
the relevance of certain nodes.

One of the most popular measures, but computational expensive for large
graphs, is betweenness-centrality. It detects nodes which act as “bridges”
between other nodes in a network. It does this by identifying all the shortest
paths and then counting how many times each node falls on one. Betweenness
centrality is suitable for finding vertices who influence flows (such as information
flow) in the network.

A third measure considered below is closeness-centrality, which, after com-
puting the set of all-pairs shortest paths, assigns each node a score based on
the number of shortest paths to which it belongs. This definition of centrality
is useful for quickly finding the agents who are in good position to influence
the entire network but in a highly connected network often most nodes have a
similar score.

Finally, Pagerank-centrality was introduced in [8] and it recursively quantifies
a “value” or the PageRank of a node based on: (i) the number of links it receives,
(ii) the link propensity of the linkers (that is, the number of outgoing links of
each in-going node), and (iii) the centrality of the linkers, that is their PageRank.

In order to analyze the evolution the influential users we study the distribu-
tion of the centrality measures on a model of the Twitter network, the Dynamic
Retweet Graph (DRG) proposed in [3] and partially analyzed in [2,4].

This model has two major features: (i) we consider the retweet graph since it
allows to better represent relationships among users related to information flow
in Twitter [14,15] and (ii) once a tweet has been retweeted for the last time all
the edges representing that tweet are deleted, to model the decay of relevance
of the tweet content.

The temporal model we consider coincides with the other ones in the growing
phase. That is a new vertex is added whenever a new user starts or retweets a
tweet, and a new directed edge (a,b) is inserted when a user a retweets for
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the first time a tweet of b, if an edge already exists then a timestamp is added
to it. Conversely, the decreasing stage happens when a tweet is never retweeted
again. Then, all vertices and edges not involved in other retweeting processes are
deleted at once. As shown in previous experimentations [2,4], this evolutionary
model better captures the information flow in Twitter.

DRGs seem to better represent the double nature of the Twitter platform:
social network and news media [14,15].

For what concerns the use of the centrality measure to assess influential or
authoritative users Kwak et al. [14] compared three measures of influence: in-
degree centrality, PageRank centrality in the following/follower network and the
number of retweets on Twitter. Cha et al. [9] compared three different mea-
sures of influence: in-degree centrality, the number of retweets and mentions on
Twitter. The results indicate that users with high in-degree were not necessarily
influential.

In this paper we study the evolution of the most influential users in the
microblogging social network platform Twitter with respect to the above four
centrality measures (betweenness, degree, closeness, and PageRank) and we ana-
lyze their behavior on the DRG evolutionary model of the retweet social networks
proposed in [3].

We consider two different kind of data sets, first introduced in [1] and updated
and refined in [3]: the event driven retweet graphs based on the events Black
Friday 2015 and the World Series 2015 and the Italian Sampling, that is the
firehose retweet graph, filtered by language (i.e. Italian) from the whole Twitter
stream.

The four centrality measures are analyzed on three levels: (i) with respect to
the sequence of DRG temporal graphs; (ii) with respect to the static cumulative
graph, that is the graph that contains all nodes and edges and (iii) with respect
to the kind of networks considered, that is event driven or the firehose.

We derive that the model proposed allows to detect the most authoritative
users, since:

1. in all cases the closeness centrality provides too many central nodes, hence it
is useless to detect influential users;

2. with regard the other measures, almost all nodes have null or very low cen-
trality;

3. vertices with centrality values above 75% of the maximum is a small set and
they are often repeated in the three centrality measures;

4. the above observations hold also for the static graphs (the whole DRG);

5. central nodes in the sequence of DRG temporal graphs have high centrality
in static graphs.

2 DRG Temporal Graphs

In this paper we will use a definition of Dynamic Retweet Graph (DRG) slightly
different from the one in [4].
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A DRG graph G = (V,E,{) is defined as follows: the set V' of nodes are
Twitter accounts and a directed edge e € FE represents an interaction (a retweet)
between two accounts. In particular, there is a directed edge from an account
a to an account b, if a has retweeted at least one tweet of b, that can be itself
already a retweet. Observe that user a may retweet more tweets of b. This edge
information is implemented with a list £(e) associated to every edge e = (a,b)
that contains pairs (¢,t) where 7 is the id of a tweet and ¢ is the timestamp in
which a retweets ¢ from b. The pairs of ¢(e) are sorted by non-decreasing order
of their timestamp.

From the data that we have collected in G we define, for all tweets i, the
date of death of i (in short, dod(i)) as the timestamp of the latest retweet of i.
Formally,

dod (i) = max{t : (i,t) € {(e)}.
ecE
Consequently we define the exzpiration date of an edge e (in short, ed(e)) as the
time after which all tweets associated to e will be dead. Formally,

ed(e) = max{dod(¢) : (i,t) € £(e)}.

On the contrary, the creation date of an edge e = (a,b) (in short, cd(e)) is the
time when b retweets a for the first time, formally:

cd(e) = min{t : (i,t) € £(e)}.

Let t be a timestamp, we define a DRG temporal graph at time t as the subgraph
Gy = (W, Ey) of the DRG G at time t defined as follows: F; contains any edge
e such that cd(e) <t < ed(e); V; is the set of nodes induced by FE.

(1, 10), (2, 25), (3, 40)

(2, 20)
(2, 15), (1, 30), (3, 25)

0 20 30 10
Timestamps

Fig. 1. On the left side, an example of a DRG retweet graph. Edges are labelled by
pairs with the id of the tweet and the timestamp of the retweet. The center table shows
the date of death of all tweets in the graph. On the right side, for each edge of G is
represented its creation and expiration date.

For example if G is the retweet graph represented in the left part of Fig. 1,
G30 contains edges (a,b) and (¢, a) and the induced vertices since (¢, b) expires
at timestamp 25. For all 20 < ¢ < 25, G; contains all edges of G.
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3 Data Sets

For the experiments we use the same dataset as [3] that consists in two different
classes of retweet graphs: the event driven retweet graph, filtered by topics about
specific events (i.e. the Black Friday 2015 and the World Series 2015) and the
sampling retweet graph, filtered by the Italian language from the whole Twitter
stream. To obtain the Italian Twitter sample we use a list of the most used
Italian stop words and the Twitter native selection function for languages. In
Table 1 the size of the three graphs are shown. In Fig. 2 we show the evolution
of the size of the three datasets over the period of observation. Note that the
event-driven datasets (World Series and Black Friday) show a rapid growth close
to the events, and then a slow decline. Differently, the Italian Sampling show a
smooth and stable behavior, ignoring the border effects.

Table 1. Size of the dataset

Black Friday | World Series | Italian Sampling
Vertices 2.7e 406 4.74e + 05 2.541739¢ + 06
Edges 3.8e + 06 8.40e + 05 1.3708317e + 07
Tweets/edges | 2.603 2.3 5.45
Tweets/vertices | 3.66 4 29.4

World Series Black Friday

" —— Num. vertices " —— Num. vertices
SSi0 / —— Num. edges 1.8-10 (\ —— Num. edges
30-10° f 15-10° { \

25-10°

2.0-10°
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1.0-10°

5.0-10%

0.0-10°

-5.0-10¢ =
3:0:405g 100 200 300 400 500 600 700 251 0 200 400 600 800
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Italian Sampling

30-1
B N
25-10°
20-108
\
1.5-10° \\
S \
1.0-108 A \
/ |
108 /
5.0-10 /
0.0-10° —— Num. vertices
—— Num. edges
—50-1 0 260 400 600 800 1000
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Fig. 2. Number of vertices (blue) and number of edges (green) of: World Series, Black
Friday, and Italian Sampling, as functions of hours. (Color figure online)
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4 Experimentation

For each graph G in our dataset, we consider the sequence of DRG temporal
graphs (G, )i>o0 where t;11 —1t; is 4h. For each G; we compute the four centrality
values (betweenness, closeness, degree, and PageRank centrality) of each vertex
of the graph.

Given the centrality measure ¢, the relative centrality value with respect to
c of a vertex u is the ratio ¢(u) and the maximum value of ¢(-).

Preliminary considerations. First of all, for each centrality measure ¢(-) and
for each G}, we consider the number of nodes with centrality values above 90%
of the maximum. Figure3(a) shows the behavior of the closeness centrality:
observe that this value is almost always greater than 30%. This means that
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Fig. 3. (a) Trend over time of the ratio of nodes whose closeness centrality is above
the 90% of the maximum. (b) The 99.9-th percentile evolution over time of the three
relative centrality measures.
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closeness centrality is not very suitable to determine the more influential nodes
in the graph. Conversely, the other centrality measures (degree, betweenness, and
PageRank) show an opposite behavior: excluding the first and last timestamp,
99.9% of vertices always have centrality values below 20% of the maximum. This
is shown in Fig. 3(b) which shows the evolution over time of the three centrality
values below which the 99.9% of all values fall (99.9-th percentile). Observe that,
from Fig. 3(b) it results that the highest values are at the very beginning of time
sequences, when there is still much instability. After that, values fall below 0.05.

Analysis of temporal graphs. From the previous observations it follows that if
we restrict ourselves to the betweenness, degree and PageRank measures, the
number of vertices for which the centrality value is meaningful is so small that
we can study them one by one.

We say that a node is central (with respect to a centrality measure) if its
centrality value is at least 75% of the maximum. Let G be a DRG, ¢ be a
centrality and ¢ be a timestamp, we define Ag ; as the set of central node of
(4 with respect to c.

In Fig. 4 are shown the sets Ag ¢ for the World Series (Italian Sampling and
Black Friday are similar and are omitted for lack of space). In the y-axis are
reported the vertex ids. Let us consider one of the diagrams in the figure relative

Betweenness centrality evolution Degree centrality evolution
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516 —
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g o $ s
- { — g
o 2997 °
3 % - 2 166
4 27 e - = ] L ]
2431 —_—
1661 —
14 — e — —_— —_— 133 —
126 -
1224 =
100 200 300 400 500 600 100 200 300 400 500 600
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(a) (b)
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7012
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1229 — 122 —— W Pagerank centrality
122 e e = Betweenness centrality
100 200 300 400 500 600 100 200 300 400 500 600
Hours Hours
(c) (d)

Fig. 4. Temporal evolution of Ag .+ for the world Series relative to centrality measures:
betweenness (a), degree (b), and PageRank (c). Diagram (d) shows the overlapping of
(a), (b), and (c) with respect at least two measures.
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to measure c¢: a segment in correspondence to node w that intersects timestamp ¢
means that u € Ag .+ From the above analysis we get the following observations:

— For all datasets, the degree centrality always produces a total number of cen-
tral nodes lower than the other measures. Conversely, betweenness centrality
is the one that produces more.

— For all datasets and all the centrality measures, there are nodes that are
central for a long time: this trend is more prominent for degree and pagerank
centrality.

— Another important result that turns out is a significant overlap between the
central vertices with respect to the three measures. In Fig. 4(d) the diagrams
in Fig.4(a)—(c) are merged by taking into account only vertices in common
with at least two measures. For example vertex 31 is central for most of the
time over the three measures.

Comparison with the static cumulative DRGs. The latest analysis involves the
centrality measures of the static cumulative DRGs G representing the three
datasets. Like DRGs temporal graphs, a large portion of vertices, varying form
28% (for World Series) to 50% (for Black Friday), have closeness centrality above
90% of the maximum, hence, we discard it.

On the contrary for the betweenness, degree, and PageRank centrality, almost
all the nodes have centrality below 1% of the maximum. Table 2 shows, for each
dataset and for each measure the percentage of vertices whose relative centrality
value is at most 0.01.

Table 2. Percentage of vertices whose relative centrality value is at most 0.01.

World Series Black Friday Italian Sampling

Between. | Degree |Pagerank|Between. Degree |Pagerank|Between. | Degree |Pagerank
99.934% 199.948%199.932% 199.97% 99.96% 99.97% 199.93% 199.78%99.84%

Now we will focus on vertices with high relative centrality. Table 3 lists the
id of vertices of the World Series dataset whose relative betweenness centrality
is at least 0.5. Some of these nodes compare also in Fig. 4(a). That is, there are
nodes that are central in both the static cumulative DRG and in the temporal
graphs. Table 4 lists, for all central nodes with respect the betweenness centrality
in the World Series temporal graphs (see Fig. 4(a)), the relative centrality in the
static cumulative DRG. It is interesting to note that all the listed nodes but one
(node 166) belong to the 0.066% (=100 — 99.934, see Table 2) of vertices whose
relative centrality is at least 0.01. That is almost all nodes that are central in
temporal graphs are also central in the whole graph.
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Table 3. Vertices of the whole World Series dataset whose relative betweenness cen-
trality is at least 0.5.

Vertex id | Relative centrality | Vertex id | Relative centrality
299 1.00 122 0.62

31 0.69 11374 0.52

27 0.67

Table 4. Relative centrality in the whole World Series dataset of nodes that are central
in the temporal graphs.

Vertex id | Relative centrality | Vertex id | Relative centrality
299 1.00 243 0.19
31 0.69 340 0.18
27 0.67 126 0.10
122 0.62 516 0.07
14 0.49 521 0.05
46 0.25 66050 0.03
28 0.23 166 < 0.01
523 0.20

For what concerns the other centrality measures and the Italian Sampling
and Black Friday datasets we have similar results that are not reported in this
extended abstract for lack of space.

5 Discussion and Conclusions

In this paper we have studied the evolution of four centrality measures (between-
ness, degree, closeness, and PageRank) on the DRG temporal retweet graphs
based on three datasets: Black Friday, World Series, and Italian Sampling. Our
main results can be summarized as follows: (i) too many nodes are central with
respect closeness centrality, hence this measure is useless to detect influential
users; (ii) for the other measures, the number of nodes with very low centrality
is very high and the sets of central nodes (with centrality values above 75% of
the maximum) are very small and quite similar in the three measures; (iii) sim-
ilar results hold also for the static cumulative graphs where the sets of nodes
with relevant centrality contain central nodes in the sequence of DRG temporal
graphs.

As pointed out in [4], the DRG temporal graphs derived from our datasets
are quite sparse: this could explain the small number of central nodes respect to
the three centrality measures.
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According to the above analysis the approach based on the DRG temporal

graph and the centrality measures represent a promising approach for detecting
influencer in the microblogging Twitter platform.
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