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Abstract Twitter, a popular social networking platform, provides a medium for
people to share information and opinions with their followers. In such a medium, a
flash event finds an immediate response. However, one concept may be expressed
in many different ways. Because of users’ different writing conventions, acronym
usages, language differences, and spelling mistakes, there may be variations in the
content of postings even if they are about the same event. Analyzing semantic rela-
tionships and detecting these variations have several use cases, such as event detec-
tion, and making recommendations to users while they are posting tweets. In this
work,we apply semantic relationship analysismethods based on term co-occurrences
in tweets, and evaluate their effect on detection of daily events from Twitter. The
results indicate higher accuracy in clustering, earlier event detection andmore refined
event clusters.

1 Introduction

Social networking platforms, especially micro-blogging sites such as Twitter, act as
an important mediumwhere people share their opinions with their followers.With its
millions of users around the world and half a billion tweets per day,1 textual content
in Twitter is an abundant and still growing mine of data for information retrieval

1 http://news.cnet.com/8301-1023_3-57541566-93/report-twitter-hits-half-a-billion-tweets-a-day
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Fig. 1 Number of Tweets per hour collected by using the Twitter streaming API

researchers. This retrieved information is used for analyzing public trends, detecting
important events, tracking public opinion or making on-target recommendations and
advertisements. However, there may be variations in the contents of such a free and
unsupervised platform, even if people refer to the same topic or the same concept in
their tweets. Users may express the same thing in their own personal ways, such as by
using unusual acronyms or symbols. Geographic, cultural and language diversities
cause variations in the content. Even the regional setting or character set used on the
device for posting affects uniformity. Moreover, the character limitation of a tweet
in Twitter forces people to write in a compact form, possibly with abbreviations or
symbols. Last but not least, spelling mistakes are definitely another major reason
for divergence in content. For these reasons, in order to apply information retrieval
algorithms more effectively in such an environment, it is necessary to be able to
figure out the semantic relationships among the postings under the variations. Our
goal is to identify such cases, and understand what the user could have meant, so that
we can enrich a given tweet with possible similar terms.

In this work, we devise methods to extract semantic relationships among terms in
tweets and use them to enhance the event detection capability. For the extraction of
semantic associations, we use co-occurrence based statistical methods. Although the
techniques we use are independent of language, we limit our scope to Turkish tweets
posted in Turkey. In Fig. 1, we present a chart that displays the number of tweets
per hour with Turkish content that we collect for several days. This figure indicates
that, the collected tweets show a daily pattern and there are almost no postings
around 7 in the morning. Therefore, we perform semantic relationship analysis and
event detection on daily basis, such that we consider 7 am as the end of the day and
identify hot topics of the previous day offline.

Our intuition is that implicit similarities among terms are time-dependent. In other
words, consistently with the tweet graph in Fig. 1, we observe that a new day mostly
starts with new events and new terms in Twitter. Therefore we choose to analyse
term relations, i.e., co-occurrences, within the scope of per day. Using such a context
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based relation extraction and applying these relations for tweet expansion, we aim to
obtain earlier event detection, with longer lifetime and accurately clustered tweets.
Moreover we obtain more refined results so that the users can follow the daily reports
more easily. The rest of this chapter is organized as follows:

• We first present several metrics for measuring the associations among terms in a
collection of documents (Sect. 2).

• We present our algorithm for event detection and introduce our proposed methods
for enhanced event detection (Sect. 3).

• We provide analysis results by evaluating proposed techniques for discovering
term associations and enhanced event detection. We discuss the results of our
experiments (Sect. 4).

• We present a review of the related work about event detection, especially on social
media. Recent studies using semantics inword co-occurrences and use of similarity
analysis in different problem domains are given (Sect. 5).

• Wefinally conclude the chapter with an overview of the results obtained and future
work directions (Sect. 6).

2 Term Relationship Metrics

In natural languages, terms can have several types of semantic and grammatical
relationships in sentences. For example, a term can be the synonym, antonym, or
hyponym of another term. Two closely related terms, such as the first and last names
of a person, may occur in sentences more frequently than other term pairs. There are
also phrases that are composed of multiple terms frequently used in the same pattern,
such as “take advantage of ”, “make use of ” or “keep an eye on”. It is possible to look
for these relationships in dictionaries, thesauri or encyclopedia. On the Internet, there
are even online resources for this purpose such as WordNet and Wikipedia, which
are already utilized in studies on similarity analysis and word sense disambiguation
[2, 16]. However, in addition to the fact that these online resources are not mature
enough for all languages yet, the language of Twitter is remarkably different than
the one in dictionaries or newspaper texts. First of all, there is no authority to check
the correctness of the content in Twitter. It is a social networking platform where
people can write whatever they want in their own way. In its simplest terms, they
can make spelling mistakes or they may type a word in different ways (like typing
u for ü or o for ö in several languages). Therefore, instead of utilizing an online
dictionary, we adopt a statistics-based technique to identify associations among a
given set of terms. The idea is that semantic relations of terms have some impact on
their distribution in a given document corpus. By analyzing syntactic properties of
documents, i.e., tweets in this case, associations between term pairs can be extracted.
There are several relationship metrics depending on which statistical patterns in term
distributions to look for. First order relations, also known as syntagmatic relations,
are used to identify term pairs that frequently co-occur with each other [19, 25].
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A person’s first and last names, or place names such as United States or Los Angeles
can be considered to have this kind of relationship. Moreover, term pairs like read-
book, blue-sky, and happy-birthday are examples of first order associations.

Term co-occurrences can be used in order to identify second order relationships
as well. Second order associations are referred to as paradigmatic relations and they
aim to extract term pairs that can be used interchangeably in documents [19]. If
two terms co-occur with the same set of other terms, this can be interpreted as one
can be replaced with the other (possibly changing the meaning of the sentence,
but this is immaterial). Therefore, methods that find paradigmatic relations do not
directly use co-occurrence counts between two terms, but consider the mutuality of
co-occurrences with other words. For example, photo-photograph or black-white are
such word pairs that most probably co-occur with the same words.

In addition to the first and second order associations, there are also higher order
associations with basically the same logic [5]. For example, if there is a high number
of co-occurrences among the term pairs t1 − t2, t2 − t3 and t3 − t4, then t1 and t4
can be considered as having a third-order association. In this work, we focus on first
and second order relationships. Finding these relationships can be achieved by using
several metrics. For syntagmatic relations, a straightforward measurement is simply
counting the co-occurrences of term pairs. Other co-occurrence ranking metrics are
proposed such as Dice, Cosine, Tanimoto and Mutual Information [10]. Application
of entropy-based transformations [20] or Singular Value Decomposition [7] on the
co-occurrence frequencies are also further improvements for first-order relations. For
finding second order relationships between two terms t1 and t2, one of the metrics
is to count the number of distinct terms t3 that co-occur with t1 and t2 [5]. However,
in our work, we apply a method based on the comparison of co-occurrence vectors
as presented in [19]. The basic idea is to generate term co-occurrence vectors and
compare their similarity in the vector space. We experiment with cosine and city-
block distances for similarity comparisons. For first order relations, we simply count
the number of co-occurrences, i.e., raw co-occurrence values. Both in the first and
second order association analysis, our objective is not only finding the most related
terms, but also assigning them a similarity score, i.e., a value between 0 and 1. This
similarity score will be used while applying a lexico-semantic expansion to tweet
vectors, as will be explained shortly.

Statistical methods do not necessarily require a dictionary or human annotated
data. First of all, this brings about language independence. Moreover, by analyzing
terms in specific timeframes, ambiguities can be resolved depending on the context.
For example, the term goal could have many related terms, such as match, objective
or end. But if we know that there was an important soccer game that day and the
term appears very frequently in tweets, then we can assume that it is used in sports
context, therefore match would be the most suitable related term.

Regarding the performance issues and resource limitations, we do not apply
semantic analysis on rare terms. On a daily collection of around 225K tweets, there
are more than 140K distinct words on average, some of them appearing only in a few
tweets. Moreover, in order to capture co-occurrences, content-rich tweets are pre-
ferred. Therefore, we process tweets with at least 4 terms and compare the terms with
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minimum frequency of 300. These numbers are selected by intuition, after observing
the Twitter traffic for a period of time. They can be adapted for another language,
another tweet selection criterion, or another processing infrastructure. Herewewould
like to emphasize that our focus in this work is to demonstrate that the extraction
of semantic relations in an uncontrolled environment such as Twitter is practical for
better event detection. Finding the most suitable parameter values or most efficient
similarity metrics could be the objective of another study.

2.1 First Order Relationships

As explained before, in order to find the first order relationships, we use the raw co-
occurrence values. In our previous work [13], after finding the number of times the
term pairs co-occur, we identified the semantically related term pairs if they appear
in more than 50 tweets together. Moreover, if two terms are found to be semantically
related, we assigned a constant similarity score of 0.5. In this work, we developed a
more generic solution and adopted the approach that we used for discovering hashtag
similarities in [14]. Instead of using a threshold for deciding the similarity of two
terms and giving them a constant similarity score, we assign normalized similarity
scores for each term pair by using their co-occurrence values. For example, the term
pair with the maximum number of co-occurrence value, cmax , on a given day has the
similarity score 1.0. For other term pairs ti and tj with a co-occurrence count of ci,j,
their similarity score is given by the ratio of ci,j/cmax .

2.2 Second Order Relationships with Cosine Similarity

For the second order relationships, term co-occurrence vectors are generated. Let ci,j

represent the number of co-occurrences of the terms ti and tj. Then, for each term
ti, we count its co-occurrences with other terms t1, t2,... t|w| where W is the set of
distinct terms collected on that day’s tweets. After forming the term vectors as given
in (1),

ti = (ci,1, ci,2, ..., ci,i−1, 0, ci,i+1, ..., ci,|W |−1, ci,|W |) (1)

we compare their cosine distance by using the cosine distance equation in (2) [28].

simcosine(ti, tj) = ti · tj

|ti||tj| =
∑|W |

k=1 ci,kcj,k
√∑|W |

k=1 c2i,k
∑|W |

k=1 c2j,k

(2)

Again we do not use any threshold for the decision of similarity but rather use the
cosine distance as the similarity score, which is already in the range [0,1].
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2.3 Second Order Relationships with City-Block Distance

City-block distance is another simple vector comparison metric [19]. After forming
the co-occurrence vectors, while comparing two vectors, it finds the sum of absolute
differences for each dimension as given in (3).

simcity-block(ti, tj) =
|W |∑

k=1

|ci,k − cj,k | (3)

Similar to the solution we applied for first order relations, we normalize the
distances in [0, 1] and use these values as similarity scores.

3 Event Detection and Semantic Expansion

In this work, we perform offline event detection on tweets. However the algorithms
we implement can also be used online with further performance optimizations. The
flow of the event detection process is depicted in Fig. 2. Dashed arrows indicate the
extension that we implemented on a traditional clustering algorithm.We first present
the data collection, tweet vector generation, clustering and event detection steps.
Then we explain how we carry out lexico-semantic expansion and improve event
detection quality.

For tweet collection from the Twitter Streaming API, we use Twitter4J,2 a Java
library that facilitates the usage of Twitter API. We apply a location filter and gather
tweets posted by users in Turkey, with Turkish characters. Posts with other char-
acter sets such as Greek or Arabic letters are filtered out. The gathered tweets are
immediately stemmed with a Turkish morphological analyzer called TRMorph [6].
After further preprocessing, including the removal of stop words and URLs, they are
stored into the database. Using this process, we collect around 225K tweets per day.
Further details regarding the tweet collection and preprocessing steps are found in
our previous work [13].

Our event detection method is an implementation of agglomerative clustering,
applied on tweets collected in a given period of time. In this algorithm, tweets are
represented by tweet vectors that are generated by the TF-IDF values of the terms
in each tweet. In order to fix the size of these vectors and calculate the IDF values
of terms, all tweets in the given period are pre-processed. The number of distinct
terms, i.e., the dimension of tweet vectors, is determined and document frequencies
of each term are found. Finally tweet vectors are created by using the frequencies of
their terms and their inverse document frequencies.

The clustering algorithm simply groups similar tweets according to the distance
of their tweet vectors in n-dimensional vector space. Just like tweet vectors, clusters

2 Twitter4J homepage, http://twitter4j.org.

http://twitter4j.org
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Fig. 2 Event detection process

are also represented with vectors. A cluster vector is the arithmetic mean of the tweet
vectors grouped in that cluster. Tweets are processed one by one according to their
posting time. For each tweet, the most similar cluster vector is found. For similarity
calculation, we use cosine distance as given in Eq. (2). If the similarity of the most
similar cluster is above a given threshold, the tweet is added to that cluster and the
cluster vector is updated. Otherwise, that tweet starts a new cluster on its own. If no
tweet gets added to a cluster for a certain period of time, then it is finalized, meaning
that the event does no longer continue.

Finally, with all tweets processed, we apply an outlier analysis using the empirical
rule (also known as the three-sigma or 68-95-99.7 rule) [14, 29]. According to this
rule, we first find the mean number of tweets in clusters and their standard deviation
(σ). We mark the clusters with more than mean+3σ tweets as event clusters. In order
to present an understandable summary to the user, summaries are generated for each
event cluster. Summaries are simply the first three terms in cluster vectors with the
highest TF-IDF values.

The event detection method we introduced above is our basis method, whose path
is indicated with the solid arrows in Fig. 2. We refer to it as BA (Basis Algorithm) in
the rest of the chapter. The novelty of our work is an extension on this basis algorithm
by applying a lexico-semantic expansion to tweets. This extension is composed of two
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steps, namely calculation of similarity scores among frequent terms and using these
scores while applying the semantic expansion on tweet vectors before feeding them
to the clustering process. As explained before, we implemented three metrics for the
analysis of term associations. We evaluate their results and apply them on clustering
separately. We label these clustering implementations as FO for First Order, COS
for Cosine and CBL for City-Block metrics.

The first step in this extension is the calculation of similarity scores among term
pairs that appear in the tweets to be clustered. By using one of the abovementioned
metrics, we obtain term–term similarity scores. For each term, we keep only top-n
similarities, due to the performance optimizations.We choose to use top-3 similarities
in our experiments.

After having the similarity scores, generated either with first order or second order
analysis, we use these similarity scores to apply semantic expansion on tweet vectors.
The idea of semantic expansion is similar to the studies in [9] and [16]. In this work,
we develop specialized methods for evaluating the numerical values. The expansion
process is as follows:

1. Given a tweet ti and its tweet vector with k terms [ti
1, ti

2, ...t
i
k] with corresponding

TF-IDF weights [wi
1,wi

2, ...w
i
k],

2. For each ti
x in the tweet vector,

a. Search for its semantically related terms. Let ti
x be associated with the three

terms ta, tb, tc with similarity scores sa, sb, and sc

b. Find the products wi
xsa, wi

xsb, and wi
xsc as expanded TF-IDF values

c. If ta does not exist in the tweet vector or if its TF-IDF value in the tweet
vector is less than the expanded TF-IDF value, namely wi

xsa, then insert ta to
the tweet vector with its expanded TF-IDF value. Otherwise, simply ignore
it. That means if a term already exists in the tweet with a high TF-IDF value,
then it is not changed by the semantic expansion process. Do this step for tb
and tc as well.

Such an expansion usually results in tweet vectors with much higher dimensions
than the original ones. The effect of this may be larger clusters with more similar
tweets, or larger clusters with junk tweets. Therefore it is important to identify correct
term similaritieswith correct similarity scores.As elaborated in the following section,
application of such a semantic expansion has several advantages.

4 Evaluation and Results

Our evaluations focus on two core functions implemented in our enhanced event
detection method, namely the success of identified term similarities and the qual-
ity of detected events. Our 3-week test dataset is composed of about five million
tweets posted between the 4th and 25th of September 2012 with Turkish content in
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Turkey.We adopt daily processing of tweets, i.e., tweets collected during one day are
processed at 7am in the following morning. The results are evaluated in accordance
with this regular daily processing, presented for each day covered by our test dataset.

4.1 Evaluation of Term Similarity Analysis

Before presenting the similarity analysis, we present some figures to clarify the
statistical value of our evaluation. The average number of tweets per day, collected
during the generation of our test dataset is 225,060. On average, 140K distinct terms
are used in Twitter every day, with 518 of them deemed as having high frequency by
our definition (>300). It means that we compare about 518 terms on average every
day for their semantic associations.

For evaluating the success of a semantic relationship extraction method, it is pos-
sible to make use of word similarity questions in a language exam such as TOEFL
[19, 20]. Comparing the results of the algorithm with the answer sheet of the exam
is an acceptable method. However, terms written in Twitter are hardly found in a
dictionary due to the variances in writing conventions and spelling mistakes. More-
over, ambiguous similarities can exist depending on the context, aswe have explained
in an example where the term goal must be related to the term match if there is a
soccer game that day. Discovery of such context-based associations may not always
be captured by an automatic language test.

In order to set a golden standard for evaluation, we prepared a questionnaire
per day that is composed of 120 questions for each day (2,520 questions in total).
They were five-choice questions, where for a given term, users were asked to mark
the most relevant term among the choices. Choices for each question are populated
from the results of three similarity measurement algorithms (the ones with highest
similarity scores) and two randomly selected terms from the corpus. If similarity
estimations of two algorithms coincide, we write that term only once in the choices,
and another random term is inserted to present five distinct choices for the question.
Questions are answered by seven users who are native Turkish speakers and mostly
computer science graduates.We explained them briefly our relevance criteria, such as
spelling mistakes (günaydın ∼ gunaydin), abbreviations (Barca ∼ Barcelona), and
strong association of domains (sleep ∼ dream). Users could also select “none”, if they
think there is no related term among the choices or if the term in the question may not
have a matching term (e.g. it can be a number, a symbol, or some meaningless word
which makes it impossible to decide similarity). Therefore, unanswered questions
could mean that either it is inapplicable, or none of the similarity algorithms could
successfully find a similar term. We compare the similarity algorithms only on the
answered questions.

While grading the success rates of the algorithms,we count the number of correctly
estimated similar terms. If the term with the highest similarity score found by an
algorithm is the same as the term marked by the user, it is accepted as a correctly
answered question by that algorithm. There may be cases where all three algorithms
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Table 1 Offline term
similarity results

Day Marked questions Accuracy ratio
FO (%) COS (%) CBL (%)

1 63 62 25 25
2 53 38 36 30
3 73 44 36 34
4 66 35 50 15
5 68 44 28 21
6 68 49 32 25
7 73 52 27 29
8 84 63 19 29
9 77 38 36 27
10 62 61 31 21
11 58 48 41 21
12 67 49 30 6
13 71 56 34 14
14 69 54 33 23
15 70 54 29 24
16 90 47 33 17
17 82 41 30 22
18 101 42 30 17
19 97 48 31 16
20 65 43 32 18
21 58 48 31 16
Avg. 72 48 32 21

find the same correct result for a question. Then they all get their points for that
question. As a result, the ratio of the number of correct results of each algorithm to
the number of marked questions is used to evaluate the accuracy of the algorithms.
The results of term similarity evaluations are presented inTable 1. The column labeled
with “Marked questions” indicates the number of questions with a valid answer, i.e.,
the user did manage to select an answer among the choices. The percentages of
correct results for each algorithm are presented in the rest of the columns, where
the highest accuracy ratio for each question is highlighted. Results are presented for
each day in the test data set.

The number of answered questions shows that, users could find a relevant term
among the choices for more than half of the questions. Ignoring the luckily selected
random terms while generating the choices of the questions, this can be interpreted
as at least one algorithm finds a relevant term in the corpus at least half of the time.
According to this table, the first order relations are apparently closer to the users’
answers. Several examples of successfully detected first order relations are birth ∼
day, listen ∼ music, and read ∼ book. Obviously, given the first term, these can
be considered as the first mappings that come to mind even without any multiple
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choices. In other words, they are easier to identify. Second order relations are a
little harder for a person to see at first. Several examples of the correctly selected
second order term pairs are morning ∼ early, happy ∼ fine, and class ∼ school.
Thereforewe believe the accuracy ratio of the second order associations should not be
underestimated. Between cosine distance and city-block distance, cosine similarity
makes more accurate guesses.

Although this table can give an idea about the power of co-occurrence based
similarity techniques, calculated similarity scores play an important role for the
event detection and expansion algorithm. The effect of similarity scores is better
observed in the evaluation of event detection.

4.2 Evaluation of Event Detection

In the Topic Detection and Tracking (TDT) domain, evaluation of event detection
algorithms is usually made either by precision-recall [23] or by false alarm-miss
rate analysis [3, 8]. In our work, we use the precision-recall metric for evaluation.
Moreover, we analyzed the event detection times and studied the refinement of the
generated event clusters. The comparison of the event detection algorithms mainly
focuses on the following three goals:

1. Number of event clusters and their tweets: In order to present a useful and readable
report to the users, it is preferable to generate more refined event clusters with as
many correctly clustered tweets as possible. The best case would be presenting
unique event clusters for each actual event in the real world, with explanatory
cluster summaries.

2. Accuracy of event clusters: Ideally, there should be no irrelevant tweet in an event
cluster, and an event cluster should cover as many relevant tweets as possible.
Therefore, our goal is to improve the accuracy of tweets in event clusters.

3. Time span of detected events: Our expectation is that the utilization of hidden
semantic relations among terms should result in earlier generation of event clus-
ters with longer duration. Especially longer duration of larger clusters shift their
finalization to a later time. Therefore, they can attract unique tweets that would
normally start new clusters on their own.

Our event detection evaluation is based on human annotated tweets. For each day
in our test data set, we run four event detection algorithms, where our baseline is
the one with no semantic expansion (BA). The results are compared with the other
algorithms using different expansion methods, namely first order (FO), second order
with cosine (COS) and city-block distances (CBL). An event detection algorithm
may find several event clusters about an event. We consider them all as belonging to
the same event, which means that an event may be represented by one or more event
clusters in an algorithm. While matching an event cluster with an event, we consider
its cluster summary. We would like to remind that the cluster summaries are in fact
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the top three terms in the event cluster with the highest TF-IDF values. In order to
assign an event cluster to an event, its summary must be understandable and clearly
mention the corresponding event.

After the event clusters are obtained, we select one event per day as our
“target event” for that day.While determining a target event cluster, we utilized other
resources in Internet such as TV rating results or newspapers in order to determine
the most popular and important event for each day. On the other hand, we observed
that people are posting tweets that are not newsworthy, such as “good morning” or
“good night” tweets. It is possible to apply a classification algorithm in order to filter
out such event clusters [4, 22]. We simply let them survive as event clusters but do
not consider them as target events in our evaluations.

Although our event detection algorithm is executed on a daily basis at 7am,
events do not have to last one day. According to our observations, almost no event
lasts longer than two days though. In fact, 2-day events are observed only when the
event happens at midnight. Since we process tweets at 7am, an event that happened
around midnight is usually detected on both days. For example, the first target event
in our test data set is the tragic loss of a young soccer player, Ediz Bahtiyaroglu,
who had played in several major Turkish soccer clubs and passed away at the age of
26 from heart attack. As soon as this event is heard at night, people posted tweets to
express their sorrow and condolences. These tweets continued during the day, which
resulted in detection of this event the next day as well. Apart from this, other target
events that we marked for evaluation can be classified as soccer games, anniversaries
of historical events, disasters, criminal incidents, popular TV shows or news about
celebrities, which are mentioned by thousands of people in Turkey.

We first present the number of event clusters, number of annotated tweets, and
the results of our precision-recall analysis in Table 2 for each day in our test data.
The table can be interpreted as follows. The first column labeled as “Day” displays
the index of the day between 4th and 25th of September 2012 (e.g. Day-1 is the
4th of September). The row “avg” is the average of all days for the feature in the
corresponding column. The second column, namely “Annt.”, represents the number
of tweets that are manually annotated by human annotators as belonging to the
target event of that day. By “annotation”, we mean manually marking a tweet to be
related to an event or not. We adopt the following method to generate a tweet set
to annotate. Given a day, each algorithm that we implement generates their event
clusters for the target event for that day. Assume the set of tweets grouped by each of
these algorithms are TBA, TFO, TCOS , and TCBL . Then the tweets that we manually
annotate are the union of these tweet sets, i.e., TBA ∪ TFO ∪ TCOS ∪ TCBL . Consider
Day-20 for example. The target event of that day was the game of a popular sports
club in Turkey. Each algorithm detected multiple event clusters for that target event,
and the number of tweets clustered in these event clusters were 574, 427, 674, and
519 respectively for each algorithm. As shown in the table, the union of these tweet
sets is composed of 862 tweets, which gives the tweets to be annotated for that day’s
target event.

The third column group that is labeled as “Target Event Cluster Ratio” displays
the number of target event clusters and the number of event clusters detected for that
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day. For example, on Day-20, 15 event clusters were identified as outliers by the
BA algorithm. Among these 15 event clusters, we found four of them to be related
with the target event, namely the soccer game. These numbers give an idea about
the information contained in event clusters if considered together with the coverage.
The lowest number of event clusters with the highest coverage ratio leads to more
understandable event cluster summaries for people. Otherwise, if too many event
clusters are generated with low coverage, this would mean scattered information
with poor comprehensibility.

Rest of the columns in the table present the precision, recall, and F-score values
for each day for all clustering algorithms that we implement. If an algorithm finds
no event cluster for a target event, then its precision-recall analysis becomes inap-
plicable, denoted as NaN. This accuracy analysis can be interpreted as follows: The
basis algorithm usually results in better precision, 0.90 on average. This is because
we apply no semantic expansion to the tweets, and there is less chance for an irrele-
vant tweet to be included in a cluster. On the other hand, its coverage is not as large
as the algorithms using semantic expansion. Whether it is the first or second order
relationship, semantic expansion techniques usually cover more tweets than the basis
algorithm. The overall accuracy is calculated by using the F-score equation given in
(4). According to these results, second order associations provide higher accuracies.

Fscore = 2 × precision × recall

precision + recall
(4)

In addition to these analyses, another criterion for better event detection is the
time of detection. It is preferable to hear about an event as soon as possible. As an
example, we present the active times of event clusters of Day-20 in Fig. 3. An active
event cluster is depicted in tiles, with its beginning and ending times corresponding
to the earliest and latest tweet times, respectively. The time window covered in each
algorithm is highlighted in gray. The first group of rows is the target event clusters
found by the BA algorithm. As given in Fig. 3, the BA algorithm detected four event
clusters for the soccer game that day. Therefore the figure displays four lines for BA
with the clusters’ active time windows. According to this algorithm, the first tweet
about the game was posted at around 14:00. In other words, the track of this event
was first observed in the afternoon and lasted for about 2h. Then, no similar tweet
has been observed until the evening. It can also be said, the content of tweets after
16:00 were not very related to the first event cluster. Then at about 20:30, the first
goal was scored in the game, which cause the generation of two event clusters at that
time. The name of the scoring player was Burak Yılmaz, which was also spelled as
Burak Yilmaz in some tweets (the letter i replacing ı). We consider this as the most
important reason for two event clusters about the same event. The last event cluster
generated by BA begins at 10pm and lasts for three hours. The summary of this event
cluster is about the celebrations after the end of the match.

In the first three algorithms, the event detection times are almost the same. On the
other hand, the duration of the first event cluster is longer for FO andCOS algorithms.
This is considered to be the result of successfully identified semantic associations.
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Fig. 3 Timespan of event clusters on day-20

Interestingly in the COS algorithm, there is only one event cluster detected at 20:30.
Apparently the algorithm found a high similarity score between the terms Yılmaz
and Yilmaz, which results in a single event cluster at that time. This observation
highlights one of the major objectives of our research, i.e., elimination of duplicate
event clusters. Another objective was earlier detection of events. In this specific
case on Day-20, this is achieved by using the CBL algorithm. The first event cluster
generated for this event starts at about 12:00, which is 2h earlier than the earliest
event detection times of other algorithms.

5 Related Work

EventDetection, also knownasEventDetection andTracking, aims to identify unique
events by processing textual materials such as newspapers, blogs, and recently, the
social media [1]. Especially after the foundation of Twitter in 2006 and with its
millions of users around the world today, there have been many studies that uti-
lize peoples’ postings for information retrieval purposes [11, 12]. An implemen-
tation of real-time event detection from Twitter is described in [22]. In that work,
Sankaranarayanan and coworkers follow tweets of handpicked users from different
parts of the world; cluster them for event detection, and assign a geographic location
to the event in order to display it on a map. In a similar study, Sakaki and coworkers
focus on earthquakes in Japan [21]. They detect earthquakes and make estimations
about their locations only by following tweets in Twitter. There are also studies for
improving first story detection algorithms on Twitter, i.e., identifying the first tweet
of a new event [17]. An interesting use of event detection in Twitter is presented in
[15]. In that work, Park and coworkers aim to detect important events related to a
baseball game, and display annotated information to people that watch that game
on TV. This can be considered to be a similar case of our example in Fig. 3. By
detecting separate events for scoring a goal, or making a homerun as stated in [15],
it is possible to retrieve who made the homerun at what time and where.
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Using the semantics in word co-occurrences has been exploited in several studies
on event detection. In [23], authors implement a solution by integrating burst detec-
tion and co-occurrence methods. In that solution, they track a list of terms (entities
which may be taken from a reference work like Wikipedia) in query logs or tweet
data in order to detect extraordinary increases in their appearances. They argue that
if two entities show unusually high frequencies (bursts) in the same time-window,
they possibly belong to the same event. In order to measure their relevance and group
in the same event, content-rich news articles in the corresponding time window are
processed and first order associations among terms are analyzed. A similar approach
is used in [24]. The intuition is that documents about an event should contain similar
terms. By generating a graph with terms as nodes, and co-occurrences as edges, they
identify highly connected sub-graphs as event clusters.

Apart from event detection purposes, similarity analysis on textual materials can
be useful for recommendation and applying intelligent expansion to queries. In [27],
authors study the spatio-temporal components of tweets and identify associations
among trending topics provided by Twitter API. They generate vectors considering
their spatial and temporal aspects, which are then pairwise compared with Euclidean
distance to find themost similar topic pairs in Twitter. In amore recent work,methods
in [27] are extended with the similarities of topic burst patterns in order to take event-
based relationships into account [26]. The intuition is that two similar topics should
have similar bursting periods as well as spatial and temporal frequency similarities.

A method for exploring associations among hashtags in Twitter is presented
in [18]. The proposed model aims to make more complex temporal search requests
in Twitter, such as asking for hashtags with an increasing co-occurrence with a given
hashtag in a desired period of time. Another example of analyzing term associations
is given in [10], where users are guided while giving a title for the product they want
to sell in an online store. Text entered by a seller is compared with previous queries
of buyers, and a better title for the product is recommended to the seller.

In our preliminary work, we presented the basics of the techniques that we elabo-
rate in this chapter, executed on a very limited data set of three days [13, 14]. These
techniques have been combined and extended for context-based daily event detection,
tested on a much larger data set annotated by several users. Moreover, detailed evalu-
ations focus on both term similarity analysis and event detection methods, providing
a more reliable and clear overview of results.

6 Conclusion

In this work, we aim to extract associations among terms in Twitter by using their
co-occurrences and use them in a semantic expansion process on tweets in order
to detect events with higher accuracy, with larger time span, and in a user-friendly
form.We improve our previous work by using similarity scores instead of thresholds
and constant multipliers for semantic expansion. Moreover, we identify context-
dependent associations by evaluating terms in specific time windows. Daily event
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clusters are determined by making an outlier analysis. Although our methods are
applied on tweets in each day, they can be adapted to work in different time gran-
ularities or in an online system, which we are planning to implement as a future
work. Moreover, we would like to experiment periodically merging and/or dividing
event clusters in the course of event detection in order to improve the resulting event
clusters.

Our methods are tested on a set of around five million tweets collected in three
weeks with Turkish content. We implemented three different semantic similarity
metrics and evaluated them on this test data set. Results of these metrics are fur-
ther analyzed in the evaluations of our event detection methods. Improvements are
observed in event detection in several aspects, especially when second order associa-
tions are used. As themethodswe implement do not require a dictionary or thesaurus,
they can be used for other languages as well.
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