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ABSTRACT
We perform a temporal analysis of the Twitter stream to in-
vestigate the evolution of unique events based on the burst of
popularity of associated hashtags. We derive a classification
of events according to the different patterns corresponding
to the peak of the volume of exchanged message and to
how these events propagate on any social network with the
same characteristics as Twitter. We first provide a precise
definition of unique events and correlate them to hashtags.
With reference to a specific interval of time, the most pop-
ular - with respect to number of tweets- hashtags are then
detected using the Seasonal Hybrid ESD (S-H-ESD) tech-
nique introduced by Twitter. After identifying the unique
hashtags among the 1000 most popular, we have identified,
through an unsupervised Machine Learning algorithm ap-
plied to the historical temporal series of hashtags limited
around the maximum peak, the temporal patterns (clusters)
of the events. Finally, using the Twitter features, for each
cluster, we have studied both the process at the origin of the
event and how they evolve over the network.
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1 INTRODUCTION
We study the temporal evolution of unique events in Twitter.
Due to the simple structure of the data, the basic functionali-
ties offered and the availability, albeit limited, of the datasets,
the microblogging platform Twitter is a point of reference
for researchers to understand particular phenomena and pro-
vide some specific insight [1–4]. The study of events is an
area essentially oriented to individuation, classification and
analysis of significant events that occur on social media and
it stands out from other research areas for its complexity and
for the difficult and tricky interpretation of the results. The
event analysis is performed according to a suitable adapta-
tion of the model proposed by Yang and Leskovec in [18],
where unique events are detected on the basis of the popu-
larity (number of tweets) of the hashtags with reference to a
specific interval of time. Extending the definition in [8], by
event we refer to a fact that causes, in a certain time period,
a substantial increase (compared to a given level) of the fre-
quency of messages (user actions) on Twitter, all having the
same hashtag; while for uniquewe denote all events such that
the corresponding hashtag, observing the temporal trend,
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present an activity neither continuous nor periodic but only
one unambiguous peak. To detect the most popular hashtags
we have used the Seasonal Hybrid ESD (S-H-ESD) algorithm,
an anomaly detection technique proposed by Twitter [13] ,
which identifies the peaks on the temporal series considering
them as "anomalies" in the temporal evolution. Based on the
Generalized ESD test [16], S-H-ESD allows to detect anom-
alies in a more robust way from the point of statistical view
and can be used to detect both global and local anomalies.
This is achieved by employing time series decomposition
and using robust statistical metrics, viz., median together
with ESD. To manage a dataset of 19 million tweets and more
than 300 thousand hashtags we used an Hadoop HDFS and
Apache Spark on a cluster of 8 servers to perform the follow-
ing operations: extracting only the significant data and meta-
data from the whole dataset, building the historical series of
hashtags - on a daily basis; and, then, performing all prelimi-
nary operations and the dataset cleanup, even on the texts of
the individual tweets. After identifying the unique hashtags
among the 1000 most popular with the S-H-ESD technique,
through an unsupervised Machine Learning algorithm ap-
plied to the series historical hashtags - limited around the
maximum peak - have been identified the temporal patterns
(clusters) of the events. The use of an unsupervised learn-
ing technique was preferred to supervised methods so to
avoid a priori hypotheses on the profile of the peaks as well
as the manual annotation of the dataset to distinguish the
different types of events. With a clustering algorithm, we
have identified 5 clusters that have been analyzed to derive
a connection with specific types of event by extracting the
topic from the tweets of each class, with a specific Topic
Model used in distributed mode. The analysis of temporal
patterns was carried out on unique events on Twitter, where
an event is essentially identified from the "burst" of popular-
ity [7, 18] of a hashtag. It must be said that the discovery of
precise patterns on the Web, as noted in [18], is not trivial
because of the unpredictable behavior of a person, which
depends on several factors (among which the interaction be-
tween individual users, small groups and corporations). As
said above, the clustering was performed with a robust and
highly scalable algorithm on the historical series of the hash-
tags to verify the existence of specific features in each class ,
also according to the type of event associated (determined
by the topics extracted). Finally, using the features of Twitter
([5, 6, 9, 15, 19]) on the individual clusters, we studied the
processes at the origin of the popularity profiles on the social
network. The result of the analysis clearly shows the duality
between the endogenous event and the exogenous event.

2 DATA SET
For the experiments we use a tweet sample dataset in Ital-
ian language obtained by the Tweeter stream filtered using

Table 1: Dataset general informations

Size 21.33 GB
Number of tweets 19, 000, 000
Number of hashtags 377, 215
Tweets with hashtags 15, 754, 093

Figure 1: Distribution of tweets on the number of hashtags

a list of the most used Italian stop words and the Twitter
native selection function for languages. The tweets were col-
lected between October 30th 2015 and January 3rd 2016 (66
days). Table 1 shows some preliminary information about
our dataset.

3 TECHNOLOGIES
For the upload, extraction and manipulation of the Twitter
sampling that was stored on Hadoop HDFS, we used Scala on
Apache Spark and Python on a cluster of 8 servers,and Spark
RDD and Spark Dataframe as principal data structures. As a
result of this elaboration we derived the 1000 most popular
hashtags.

4 HASHTAGS ANALYSIS
For our analysis we ignore all tweets without hashtag; from
Table 1 it follows that, in this way, we remove less than 20%
of tweets from the dataset. Figure 1 shows the percentage of
tweets with a given number of hashtags: it is interesting to
note that more than 50% of tweets contain only one hashtag.
For every hashtag h, let us consider the number occur-

rences of h and let us consider for every x between 1 and the
total number of tweets, the fraction of hashtags that occur in
at least x tweets. Figure 2 shows this relation that is fitted by
a log-normal distribution with parameters (−7.99, 4.26) and
p-value 0.71. For these reasons in our analysis we consider
the 1000 more frequent hashtags.
Let H be the 1000 most popular hashtags. We want to

define the time series of every h in H in the time interval
T = [0, · · · ,T ]: for each h in H and t in T let us define xh(t)
as the number of tweets containing the hashtag h created
or retweetted at time t – in short, the volume of hashtag h
at time t ; the sequence xh(0), . . . ,xh(T ) is the time-series of
hashtag h.

2
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Figure 2: The fraction of the number of hashtag that occur
in at least a given number of tweets

Figure 3: Time series of hashtag ragazze (girls)

Figure 4: Time series of hashtag dimartedì (an Italianweekly
TV show)

We are interested in the daily activity around every hash-
tag, then every element in T represents a time interval of 24
hours, that is T = 65 (see Section 2).

We can distinguish at least three types of time-series based
on their profile: the time-series with continuum profile show a
constant level of daily activity (see Figure 3); a periodic profile
is own of time-series of hashtags associated with events that
recur at a fixed time interval such as prime time television
shows (see Figure 4); finally the time-series with an isolated
peak in their profile are produced by hashtags associated to
unique events (see Figure 5).
In this paper we will focus on the last class of hashtags

because it represents “singular” events more interesting to
study. Peaks in time-series are identified by using the Anom-
aly Detection Seasonal Hybrid ESD (S-H-ESD) algorithm [12,
14]. The algorithm can detect local and global anomalies and
is builds upon the Generalized ESD test [17].

Figure 5: Time series of hashtag natale (Christmas)

Figure 6: Cumulative distribution function of the number of
active periods

Since a hashtag time-series can exhibit different peaks, and
since we are only interested in isolated peaks (corresponding
to global anomalies), for each hashtag time-series we ignore
all the peaks separated from the others for less than one
week. Then all peaks but the maximum ones are ignored
from all time-series. Finally, we ignore all hashtags (and
the respective time-series) without peaks. By applying this
method we get 206 hashtags in 1.913.470 tweets.

Active periods
We consider a hashtag to be inactive if it is used in up to
20 tweets within 24 hours. The bound of 20 tweets per day
is due to the background noise associated to most popular
tweets.

Figure 6 shows the cumulative distribution function of the
active periods numbers and Figure 7 shows the cumulative
distribution function of the length of active periods. From
the first one it follows that more than 90% of hashtags is
active for at most 7 days and from the last one follows that
the length of the active periods is very short: almost 90% of
hashtags have active periods not exceeding 10 days. This
suggests that, as one can guess, the hashtags associated with
unique events are sporadic, occasional and volatile.

5 CLUSTERING
We will classify the hashtag time series characterized by
isolated peaks with the K-SC clustering algorithm proposed
in [18]. The strenght of this classification is its invariance
with respect to the operations of scaling and translation. This
means that curves with the same shape but with different

3
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Figure 7: Cumulative distribution function of the length of
active periods

Figure 8: Trend of the time series of a typical hasthag

size or position can classified in the same way contrary to
what happens for the K-means classification [10]. All our
time series are 65 days long, in order to limit the background
noise effects we have chosen to truncate the series and focus
on the period around the peak.
We define the core of a time series as the time interval

around the peak where the volumes are at least a defined
fraction of the maximum volume encountered in the peak.
The time interval outside the core will be truncated from
the time series. Let xp be the maximum of the time series,
that is the volume at the peak;Tp be the time when the peak
occurs and α be the value between 0 and 1 such that αvp
is the minimum volume defining the core. The core of the
time series is the interval between T1(α) and T2(α) where
T1(α) < Tp ,T2(α) > Tp and for all t betweenT1(α) andT2(α),
the volume at t is at least αxp (see Figure 8).
Now we will see how to choose the appropriate value of

α . Given α , the core width of a time series is T2(α) −T1(α);
the left core width is Tp −T1(α) and the right core width is
T2(α) −Tp . Figure 9 shows the average values of the three
core widths. With values of α smaller that 0.5 the right core
width is bigger than the left core width, this implies that the
slope on the left of the core is greater than the slope on the
right. We have set up the core size to 21 days: this number is
obtained by observing that in the average with two weeks
we guarantee a minimum peak volume of at least 12% of
the maximum value (see Figure 9); we add a further week to
cover any anomalous values.
In the K-Means algorithm the number of clusters must

be specified as parameter; this is also true for all the other
its variants including th K-SC algorithm. In order to choose

Figure 9: Core width as a function of α

Figure 10: Average Silhouette

the most appropriate number of clusters k we ran the K-SC
algorithm for various values of k and measured the quality
of the clustering with the Average Silhouette metric [10].
Figure 10 shows the Average Silhouette as a function of

the number of clusters k ; the best clusters are obtained in
correspondence of higher Average Silhouette values. In our
case the best scores correspond to small values of k . We
chose k = 5 as a compromise between clustering quality and
appropriate number of clusters. The number of iterations is
100.

Figure 11 shows the 5 clusters returned by the algorithm.
For every cluster it is indicated the percentage of hashtags
that it contains, the volume of the maximum and the volumes
of the left and right side of the peak (in percentage). Cluster 4
is the bigger (46.12% of the hashtags) and is characterized by
the concentration of almost all its volume in a single day. The
temporal pattern of Cluster 1 is almost similar to Cluster 4 al-
though the former has a more pronounced tail, highlighting
a more lasting relative interest from community members.
Clusters 3 and 4 have an opposite trend: the former reveals a
large relative volume after the peak, while in the latter it is
revealed before the peak. Finally, cluster 5 is rather symmet-
rical. It is also interesting to note that almost 70% fall into
two clusters (1 and 4) whose volumes are all concentrated
around the peak.

6 TOPIC EXTRACTION
In the next step we examine the topics that characterize the
five clusters that we have identified. We define a single doc-
ument dh for every hashtag h by aggregating all the tweets
containing hashtag h. The collection of documents related

4
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Figure 11: The 5 clusters found by the K-SC algorithm

with cluster i (with i = 1, . . . , 5) contains all the documents
dh such that hashtag h is in cluster i; let us call this collec-
tion Di . The five collections D1, . . . ,D5 are used as input of
the Latent Dirichlet Allocation (LDA) algorithm to extract
the topic of the five clusters The number of topics k is a
parameter of the algorithm, its value is chosen by running
200 iteration of LDA for different numbers of topic to find
the one with the maximum log-likelihood. For the α and β
parameters we chose the values 50/k+1 and 1.1, respectively.
For each cluster we got a list of topics identified with the 5
most likely words. For lack of space we show only the list
related to cluster 1.
(1) speech, Mattarella (Italian President), president, Italy,

politics;
(2) Grillo (blogger and politician), Italy, dictator, blog, Renzi

(ex Prime Minister);
(3) dignity, unity, Pope, money, History;
(4) Renzi, Italian, Italy, press conference, greeting
(5) champions league, Juventus (soccer team), Roma (soccer

team), Italian, soccer market;
(6) paralyzed, Wednesday, competition, tomorrow, hired;
(7) elections, upcoming, party, wins, electoral;

(8) Pompei, money, excavations, Renzi, position;
(9) Turkey, Isis, Erdogan, city, Turkish;
(10) Paris, terrorism, dead, safety, war;
(11) good night, readers, night, book, evening;
(12) Renzi, bridge, water, Messina, channel;
(13) Renzi, Mannoia (singer), concert, Fiorella (Mannoia’s

first name), excluding;
(14) match, young people, San Remo, names, festival;
(15) Christmas, Sant’Egidio (charity organization), lunch,

mercy;
(16) Left, Renzi, Fassina (politician), born, politics;
(17) Cinema, star, wars, force, risveglio;
(18) banquets, brave, excavations, square, Renzi;
(19) Apple, IPhone, tax authorities, agreement, Samsung;
(20) San Remo, young people, solidarity, Scialpi (singer),

discrimination;
(21) Livorno, balance, company, deficit, garbage;
(22) graduation, Poletti (exMinister of Labor), young people,

schedule, Italy;
(23) stamp, license plate, proposal, law, bicycle;
(24) expo, Milan, success, Italy, end.

The topics mostly concern unexpected events often related
to politics. There are also topics regarding sports (Cham-
pions League) and entertainment (Sanremo festival). Also
cluster 2 is related to unexpected events like the crack of
Etruria bank. Cluster 3 is completely different; t is mainly
related to scheduled events like Christmas, New Year, an
event dedicated to books, Telethon and the Vatileaks process.
Cluster 4 collects daily events: Black Friday, opening of the
Holy Door in Vatican and sport events. Finally, cluster 5 is
characterized by mixed events with reduced impact in public
opinion.

7 CONCLUSIONS
Differently from other works, in this paper we adopt a highly
scalable algorithm for clustering events according the histor-
ical temporal series. Each cluster characterize unique events
on Twitter. On our data sets we have identified five differ-
ent clusters. The events considered were previously selected
using a technique for Anomaly Detection: the Seasonal Hy-
brid ESD (S-H-ESD) technique, first proposed by Twitter and
also tested on Netflix, has been preferred with respect to the
classic ESD since it turns out to be more statistically robust.
Successively, we used LDA for performing an analysis of the
extracted topics, by aggregating the tweets for each hashtag,
it was possible to identify the types of events associated to
a specific temporal pattern, by semantic annotation. Since
it was out of the scope of our research, this step has been
accomplished manually. In particular, since in cluster 3 we
have a high message volume before the peak, it can be as-
sociated with programmed event. It is worth noting that the
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same temporal pattern is typically associated to endogenous
events. Instead, cluster 4 is associated to a temporal pattern
referring to a single day event, which receive the attention
of users only in the day in which they occur, and, consid-
ering the high proportion retweet, stem from endogenous
processes. Clusters 1 and 2, on the other hand, are associ-
ated to unexpected events that impact differently on users.
While in the first case we can interpret the phenomenon as
an endogenous propagation, in the second - observing the
proportion of tweets with url - it can be assumed that the
events are guided from external factors, injected into the
network through the mass media. Finally, cluster 5 shows a
symmetric behavior, since it corresponds to mixed events, in
which both endogenous processes and exogenous processes
contribute to the propagation information. Clearly the per-
formed analysis can be further refined. With more massive
datasets, using K-SC clustering algorithm it is potentially
possible to identify new clusters and therefore new temporal
patterns. Additionally, it might be interesting to study the
events propagation analyzing the Follow Graph of each indi-
vidual user [1]. As further line of investigation, it would be
interesting to use Natural Language Processing and Named
Entity Recognition algorithms in combination with LDA to
improve the results of the topic model.
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