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Abstract. Historical events such as natural disasters, financial crisis, and new invention are common
knowledge sources in social media such as Wikipedia. Internet users can search for a particular historical
event through the support of information extraction and retrieval techniques. However, the users may have
another need — query the events occurred in the same year worldwide. To acquire such knowledge, one
possible way is to browse the events year by year, which is a labor intensive and time consuming process.
Therefore, this work proposes a framework that can mine the historical events occurred in the same year. For
visualization purpose, the mined historical events are displayed on the Google Map according to their
locations. Such visualization information can provide an integrated view of temporal and spatial information
of historical events.
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1. Introduction
Historical events are common knowledge sources in social media. For example, Wikipedia has a large
number and variety of historical events such as natural disasters, medical crisis, financial crisis, wars,
political issues, as well as new invention. Internet users can search for historical events by the following two
schemes: specifying a set of keywords relating to the events and browsing the events year by year. For the
former one, the aim is usually to find the information relevant to a particular event. In this circumstance,
information extraction and retrieval techniques can be used to facilitate the search process; that is, to help
users obtain more precise event information more efficiently. For the later one, the users may have the need
to query the events occurred in the same year worldwide. For instance, the Iraq War began in 2003. In the
same year, the outbreak of Severe Acute Respiratory Syndrome (SARS) occurred, China launched its first
human spacecraft, the ShenZhou-5, and a magnitude 8 earthquake occurred in Hokkaido. To acquire such
knowledge, the users can browse the events year by year to find the events occurred in the same year.
However, browsing and searching all events year by year is time consuming and tends to become
overwhelming due to the large number of events in the web. Therefore, this work proposes a framework that
can mine the historical events occurred in the same year. For visualization purpose, the mined historical
events are displayed on the Google Map according to their locations. The users can benefit from such
visualization information to simultaneously capture the temporal and spatial information of historical events.
The aim of this work is summarized below.
• Mine the historical events occurred in the same year: The process begins with a user input of a
particular historical event. The year of the input event is then extracted to find more events occurred
in the same year.
• Display the mined events on the Google Map: Extract the locations for each mined event and the
input event, and based on which to show all events on the Google Map.
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The rest of this work is organized as follows. Section 2 presents some related work. Section 3 describes
the framework of historical event mining and visualization. Section 4 summarizes the experimental results.
Conclusions are finally drawn in Section 5.

2. Related Work
The use of information extraction techniques can extract the specified events more precisely. Recent
studies have demonstrated that different types of events can be extracted using different methods. For
business events, Stevenson and Greenwood proposed a semantic approach to identify the relations between
person name and company [1]. Yu et al. proposed a cascaded hybrid model to extract the detail information
from a corpus of resumes [2]. In the biomedical domain, Wu et al. used a dependency-based method to
identify depressive symptoms [3]. Their method considered the dependencies between each word token and
its head in a sentence, thus yielding higher performance than the bag-of-words method. Yu et al. devised an
evolutionary inference algorithm based on the Hyperspace Analog to Language (HAL) model to extract
negative life events from psychiatry web corpora [4]. The HAL model constructs a high-dimensional context
space to represent words, which provides an informative infrastructure for the evolutionary inference
algorithm. Wu et al. used a data mining algorithm called association rule mining [5][6] to mine emotion
events [7]. They manually constructed a set of emotion generation rules from psychology textbooks. These
rules were then considered as the basis to generate more frequent emotion association patterns for identifying
emotion events. Lan et al. and Bj¨orne et al. investigated the use of graph-based methods to extract
biomedical events such as protein-protein interactions [8][9]. In the emerging field of social network,
Agarwal and Rambow devised a new sequence kernel to mine social events such as human-human
interaction [10]. The new sequence kernel considered both syntactic and semantic insights from the
dependency trees of sentences, thus achieving better performance than previously proposed sequence kernels.
Additionally, phrase, sentence, and document-level information can also be incorporated to mine terrorism
events [11].
Once the events are identified, information retrieval can be applied in the later stage to help users find
desired event information more efficiently. Information retrieval systems generally adopt a keyword-based
approach to accomplish retrieval tasks [12]. That is, users formulate their information needs by using a set of
keywords, based on which, the retrieval system returns a set of documents. In this scenario, both queries and
documents are usually represented using a bag-of-words approach. Retrieval models, such as the vector
space model (VSM) [13] and Okapi model [14][15] are then adopted to estimate the relevance between
queries and documents. The VSM represents each query and document as a vector of words, and adopts the
cosine measure to estimate their relevance. The Okapi model, which has been used on the Text REtrieval
Conference (TREC) collections, developed a family of word-weighting functions for relevance estimation.
These functions consider word frequencies and document lengths for word weighting. Both the VSM and
Okapi models estimate the relevance by matching the words in a query with the words in a document. The
above word-based methods are conceptually simple, easy to implement, and can achieve satisfactory results
in many application domains. Other retrieval methods that incorporate high-level information can also
improve retrieval results [16][17][18].

3. Framework of Historical Event Mining and Visualization
Figure 1 shows the overall framework of historical event mining and visualization. The framework
begins with receiving a historical event specified by the user. The input event is represented as a set of
keywords, which is used to find the event in the Wikipedia History database. Once the input event is found,
the event year is extracted by the year extraction module. The extracted event year is then taken as input to
find the other events occurred in the same year. For each event retrieved from the Wikipedia History
database, the event locations are extracted by the location extraction module. Finally, all the events occurred
in the same year are displayed on the Google Map according to their locations, so that the user can
simultaneously capture the temporal and spatial information of historical events. In the following, we
describe the detailed implementation of each module.
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Fig. 1: Framework of historical event mining and visualization.

• Year extraction: A historical event may occur in a single year or last for many years. That is, the
year extraction module may find more than one distinct year for an event in the Wikipedia History
database. For instance, the event “Iraq War” (2003-2010) began in 2003 and lasted for seven years.
To address this problem, we restrict the event year as the beginning year of an event. The year
extraction procedure is formulated as follows. Let x be an input event and Y = { y1 ,..., yn } be the set
of the event years of x found in the Wikipedia History database. The event year of x output by the
year extraction module is defined as
⎧⎪ y1,
Yx = ⎨
⎪⎩min{ yn },

if n=1

(1)

if n > 1

The above equation shows that in case of an event lasted for many years, the event year is the
minimum value, i.e., beginning year, of the event years in the set.
• Find events in the same year: Once the event year of the input event is extracted, it is taken as the
input to find the other events occurred in the same year from the Wikipedia History database. Table 1
lists some example events occurred in 2003, i.e., the beginning year of the input event “Iraq War”. In
these examples, we only show the event titles and ignore the detailed description.
• Location extraction: The locations of events in event titles are usually expressed in terms of nouns.
Therefore, the first step of location extraction is the word segmentation and part-of-speech (POS)
tagging. To accomplish this, we use the CKIP, which is developed by Academia Sinica, Taiwan
(http://ckipsvr.iis.sinica.edu.tw). Additionally, only the words with the linguistic category Nc are
considered as locations. The third column of Table 1 shows some example locations extracted from
the event titles through POS filtering. The POS filtering method may suffer from some problems in
location extraction. First, it may fail to identify the locations with the linguistic category other than
Nc, which may decrease the recall of extraction. Second, not all Nc nouns are locations, which may
decrease the precision of extraction. For instance, the noun “Columbia” in event B is the name of a
space shuttle. Similarly, the noun “Liverpool” in event E is the name of a football team. These two
issues will be investigated in experiments.
Table 1. Example events occurred in the same year with the input event “Iraq War”.
No.

Event Title

Event Location

A

Iraq war

Iraq

B

The space shuttle Columbia disintegrated over Texas

Columbia, Texas

C

China's first human
successfully launched.

China

D

World's first tongue transplant performed at Vienna's
Vienna
General Hospital

E

English Premier League Liverpool visited Hong Kong

spacecraft,

the
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ShenZhou-5,

Liverpool, Hong Kong

F

2003 Hokkaido earthquake

Hokkaido

Fig. 2: Visualization of events on the Google Map.

4. Experimental Results
In experiments, we first show the visualization results of events on the Google Map, and then evaluate
the performance of historical event mining. Figure 2 shows the visualization results of the events presented
in Table 1. All events are displayed according to their locations. Additionally, in case of events with
multiples locations (e.g., event B and E), each location will be displayed. In case of locations with the
country name only (e.g., event A and C), the capital of the country will be displayed. In evaluation of the
performance of event mining, the perfect case is that all events occurred in the same year can be exactly
extracted and displayed using the POS filtering method. The evaluation metrics used herein include recall,
precision, and F-measure, defined as
Recall =

number of correct events found by the method
,
total number of events occurred in the same year

(2)

number of correct events found by the method
,
total number of events found by the method

(3)

Precision =

F - measure =

2 × precision × recall
.
precision + recall

(4)

Table 2 shows the performance of historical event mining using the POS filtering method. The test
events are “Iraq War” (Q1), “Three Gorges Dam” (Q2), and “Kobe earthquake” (Q3). The results show that
among the three test queries, Q2 had the highest recall and F-score, and Q3 had the highest precision.
Additionally, the recall of the POS filtering method was much higher than the precision, and the average Fmeasure was 62.31%. Although the use of the linguistic category Nc can find 75.61% historical events in
average, some events were still misidentified because there is no explicit description of locations in the event
titles. The precision is low, 52.99% in average, indicating that about half of the Nc nouns in the event titles
were not actual locations.
Table 2. Performance of historical event mining

Recall (%)

Precision (%)

F-measure (%)

Q1: Iraq War

73.20

50.68

59.89

Q2: Three Gorges Dam

84.78

51.32

63.94
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Q3: Kobe earthquake
Average

74.47

64.81

58.61

75.61

52.99

62.31

5. Conclusions
This work presents a framework for historical event mining and visualization. The proposed framework
first uses the POS filtering method to extract the historical events occurred in the same year with the input
event. The extracted events are then displayed on the Google Map according to their locations. Such
visualization information can provide an integrated view of temporal and spatial information of historical
events. Future work will focus on improving the recall and precision. For the improvement of the recall,
other useful information extraction methods will be investigated to extract the events with implicit
description of locations. For the improvement of the precision, more significant features such as semantic
information will be incorporated instead of using the linguistic category Nc alone.
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