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ABSTRACT Space is the most fundamental organizing dimension for information that forms the basic
spatial understanding around which all other temporal and semantic details are situated. Various types
of web information are present in our daily lives, and spatial content can facilitate the understanding of
that information. Hence, many studies have been conducted to extract the implicit spatial location from
different web resources, and they have mainly investigated web textual information. However, the existing
studies mainly focus on the extraction or simple presentation of the location of the information, while
further exploration and visualization of the information through the comprehensive consideration of its
spatial, temporal, and semantic dimensions have rarely been performed. Thus, this paper proposes a novel
modeling and visualization framework for location-referenced web textual information. The framework
applies an information model to structurally extract and resolve spatial content along with the temporal and
semantic elements from the location-referenced information items. Based on the constructed information
model, the information items are hierarchically clustered and visualized by combining map mashups with
cartographic processes and methods. This framework enables users to interactively index and browses
individual information items. Furthermore, the association relationships involved in the information set are
explored in our work. With knowledge graphs that are automatically generated based on the information
model, a high-level understanding of the information set can be obtained by users.

INDEX TERMS Geotagging, information visualization, location-referenced information, map mashups,

web textual information.

I. INTRODUCTION

The mainstream digital resources used in various web appli-
cations and social media, such as the text, images and
video, may implicitly contain abundant geographic location
content [1]-[3], and textual resources are the most popular of
these digital resources. Studies show that more than 57% of
data reference locations or have geographic descriptions [1];
thus, geographic content is essential for the formation of a
comprehensive spatial understanding of web content. How-
ever, most traditional web interfaces do not consider these
implicit locations and instead list the digital items sequen-
tially on a conventional linear interface; thus, spatial informa-
tion is neglected. Because the map is the carrier of geographic
content, if the location information is presented along with its
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corresponding geographic reference on a map interface, more
intuitive spatial knowledge can be obtained.

Creating knowledge by combining information and ser-
vices from different sources is known as a mashup. Mashups
first appeared in 2004 as a result of the application of social
media and Web 2.0 technology [4]-[7], and map mashups
quickly became the most popular form of mashup [8]-[10].
Map mashups combine (or “mash up’’) multiple sources of
data that are displayed in some geographic form [11]. With
the emergence of Web Mapping 2.0, geo-browsing activi-
ties increased quickly [12], leading to the rapid develop-
ment of map mashups. In these map mashups applications,
web maps generally “function as an interface or index to
additional information” [13], [14]. On this basis, the up-to-
date, dynamic, and interactive presentation and dissemina-
tion of various geospatial information can be implemented
effectively.
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Many related studies have been performed to achieve map-
based information visualization or map mashups, and some
of the studies are devoted to locating and tagging the geo-
graphic coordinates of the web content to extract the implicit
locations [15], as geographic locations are usually implicitly
contained in location-referenced information. These studies
are known as geotagging, geo-referencing or geocoding in
the field of geographic information system [16]—[18], most
of which consider textual data. Amitay et al. [19] proposed a
system named Web-a-Where to identify the geographic focus
of a document using a hierarchical gazetteer and a simple
scoring algorithm. Blessing er al. [20] used named entity
recognition (NER) and a knowledgebase gazetteer to recog-
nize and locate the geographic names for German content.
Kordopatis-Zilos et al. [21], [22] refined language models
for geotagging social media content based on text. Various
geotagging tasks for different types of digital resources have
been conducted in an international benchmarking initiative
named MediaEval [23].

Based on these geotagging methods, map mashup applica-
tions that use geographic locations as the medium to present
and index information have been explored by researchers.
Ahern et al. [24] built an application system called World
Explorer that analyzes the location-referenced textual tags
associated with Flickr images and aggregated and presented
these images with the map interface. Carmo er al. [25]
completed MoViSys, a map visualization system for geo-
referenced data, organized by categories with intuitive and
adaptive icons for mobile devices. Teitler et al. [26] and
Sankaranarayanan et al. [27] proposed automated systems
to associate news articles or Twitter messages with geo-
graphic locations and displayed location-referenced informa-
tion based on the map interface. Gao et al. [28] proposed
the NewsViews system, which leverages text mining to
identify key concepts and locations discussed in articles
and to automatically create visually thematic maps based
on an extensive repository of databases. Troudi et al. [29]
detected events from social media by using descriptive
dimensions as the topic, time, and location and devel-
oped a mashup-based framework to present detailed event
information.

The use of geotagging technologies and map mashup appli-
cations offers a new perspective for browsing and perceiv-
ing location-referenced information. However, the existing
studies are insufficient in terms of several factors. First,
the existing studies mainly focus on the acquisition and pre-
sentation of location content, and the comprehensive reso-
lution and modeling of the information that the temporal
and semantic content should be considered has not been
sufficiently explored. Second, regarding the visualization
strategies of these studies, cartographic processing of map
mashups is lacking, and the related cartographic principles
and solutions have not been utilized. Because of the rich-
ness of location-referenced information, the quality of the
visual representation and man-machine interaction of the
map mashups cannot be guaranteed. In addition, because

40476

the multidimensional content of the information has not
been explored, visualization is limited to roughly present the
location of information; thus, the further level knowledge
of the information set has not been thoroughly extracted or
displayed.

This paper proposes a novel modeling and visualization
framework for location-referenced web textual information.
In this framework, a location-referenced information model
is established to comprehensively resolve and extract basic
spatial, temporal, and semantic elements such as the loca-
tion, time, and participant (person, organization) from the
information items. The information processed in the study
mainly exists as text because, for other types of information,
to enable automatic interpretation using a computer, the infor-
mation content is generally processed and extracted to the
form of text. Based on the constructed information model,
hierarchical clustering of the information is applied, and a
visualization strategy that combines map mashups with car-
tographic processes so that users can interactively index and
browse the clustered information is developed. In addition,
the association relationships between the entities (locations,
persons, etc.) in the information are explored according to
their co-occurrences in the information model to automati-
cally generate the corresponding knowledge graphs, which
enable the users to obtain entity-level knowledge from the
information set.

This paper is organized as follows. Section II describes
modeling, information processing, and the visualization
framework in detail, while Section III provides the experi-
ments and the evaluation of the result. Finally, Section IV
discusses the results, and a summary of the conclusions is
presented.

Il. METHODOLOGY

To address the limitations mentioned previously, we propose
an information processing and map mashup framework to
meet the needs of the users by providing a convenient way
to interactively browse and index location-referenced web
textual information and obtain knowledge graphs of the infor-
mation set on a map interface. The detailed architecture is
presented in Figure 1.

Through this framework, we crawl and model the location-
referenced information from web sources. By resolving the
web textual content, the basic elements of the information,
including the time, location, activity, and participant, are ana-
lyzed and extracted using natural language processing (NLP)
and geotagging techniques; the location-referenced informa-
tion model is constructed accordingly. Then, the informa-
tion items are hierarchically clustered, and the relationships
between the entities in the information are explored accord-
ing to the information model. Finally, based on the map
mashup strategy, the integrated information items are effec-
tively presented on a map interface using different labeling
modes. Meanwhile, the knowledge graphs of the relationships
between the entities involved in the information set can also
be obtained.
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FIGURE 1. General framework for the information processing and map mashup visualization.
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FIGURE 2. Location-referenced information model illustration.

A. LOCATION-REFERENCED INFORMATION RESOLUTION
1) LOCATION-REFERENCED INFORMATION MODEL

With the swift development of the internet, diverse, mas-
sive, and heterogeneous information has been generated and
transmitted in different forms, such as news, articles, tweets,
and blogs. To identify and describe the information precisely,
basic multidimensional elements, including spatial, temporal,
and semantic content, are necessary. Because information is
usually presented in an unstructured form, the basic elements
of the information should be analyzed, extracted, and mod-
eled prior to utilization. In this paper, various types of web
data are abstracted into an information model, i.e., { Location,
Time, Participant, Activity, Description}, which is denoted
with the tuple:

Q=<L,T,P,A,D > (1

where Q is the quintet for the information item; L and T stand
for the specific location and time related to the information,
respectively; P represents the agent (organization, person,
etc.) associated with the information; A is the action or activ-
ity illustrated in the information; and D is the overall descrip-
tion of the information, which uses semantic primitives [30]
to define and identify the specific information item. In this
research, the lexical patterns of nominal and verb phrases
are considered semantic primitives. The information model
is illustrated in Figure 2.

VOLUME 7, 2019

2) INFORMATION SEMANTIC INTERPRETATION

Based on the abovementioned model, the information could
be further extracted and modeled. The information on the
internet takes different forms, such as text, video, audio, and
graphics, among which, text occupies the largest proportion.
For other types of information, to enable automatic recog-
nition and processing using a computer, the information is
generally mined and extracted to the form of text. There-
fore, this article focuses on the interpretation of web textual
information; other types of information can be processed in a
similar way by applying information preprocessing based on
semantic data mining techniques.

To extract information from free text, NLP is most
effective [31], [32]. In this research, the Stanford CoreNLP
toolkit [33] is used for text processing such as sentence split-
ting, NER, lexical analysis, and part of speech (POS) tagging
to preprocess the information to obtain the basic semantics for
the information model. The main steps of textual information
preprocessing are as follows, and an example is illustrated
in Table 1.

(1) The textual information is inputted and segmented into
single sentences;

(2) For each sentence, NER, lemmatization, and POS tag-
ging (see Table 2) are performed;

(3) To discard the unremarkable terms in the sentences,

the well-known Term Frequency-Inverse Document
Frequency (TF-IDF) [34] score for each term is
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TABLE 1. Location-referenced information preprocessing example.

I;Z?lctzisfg Oxford professor Tariq Ramadan is charged with the alleged rape of two women and jailed in Paris.
Sentence Lemmas| Oxford |professor|Tarig[Ramadan| be |charge|with|the |allege|rape| of [two woman|and| jail |in | Paris
analysis POS NNP NN |NNP| NNP |VBZ|VBN]|IN |[DT| JJ |[NN|IN|CD| NNS [CC|VBN|IN| NNP
result NER |Organization| Person ILocation|
Location: Paris Participant: Oxford | Tariq Ramadan
Extracted 0 9018-02-02 Activig: charge | ja‘il !
quintet Description: Oxford | professor | Tariq Ramadan | charge | rape | women | jail | Paris
TABLE 2. Summary of the PENN treebank part of speech tag sets in english.
Part of Speech Tag Abbr Part of Speech Tag  Abbr Part of Speech Tag Abbr
Adjective 1 Exclamation UH Possessive wh-pronoun WP$
Adjective comparative JJR Existential EX Predeterminer PDT
Adjective superlative 1IS Foreign word FW Proper noun plural NNPS
Adverb RB Gerund VBG Proper noun NNP
Adverb comparative RBR List item marker LS Symbol SYM
Adverb superlative RBS Modal verb MD to TO
Article DT Participle past VBN Verb base form VB
Cardinal number CD Particle RP Verb present tense VBP
Common noun plural NNS Past tense verb VBD Verb 3rd person singular VBZ
Common noun singular or mass NN Personal pronoun PRP Wh-determiner WDT
Conjunction coordinating CC Possessive ending POS Wh-pronoun WP
Conjunction subordinating IN Possessive pronoun  PRP$ Wh-adverb WRB

calculated based on the following equation, where n; ;
is the number of occurrences of #; in dj, ), n j is the
total number of terms in dj, and |{] S dj}| is the
number of articles in D that contain #;. Based on this
score, the remarkable terms are selected;

n;j |D|
x log +—
Sens < Tined]
Based on the results, NER, POS, and lemma tags for
the selected terms, multidimensional textual descrip-
tions such as the location name, time, organization, and
person for the information model can be generated. The

location name geotagging is performed in a subsequent
process stage.

TFIDF;; = @

“

3) INFORMATION GEOTAGGING
The abovementioned process extracts most of the con-
tent required by the information model, but the geographic
location tuple in Equation 1 needs to be confirmed. The
geotagging process described earlier unifies the textual loca-
tion name and the specific geography to allow for the spa-
tial exploration of the information. This paper uses the
GeoNames gazetteer database [35] and an existing geo-
tagging method [19], which mainly includes three stages:
geographic location assignment, geographic location disam-
biguation, and geographic focus determination, to complete
the information geotagging. And the specific processes of
geotagging are as follows:
(1) Geographic location assignment: In this stage, geo-
graphic locations are assigned for each of the location
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names extracted from the information based on the
gazetteer.

Geographic location disambiguation: Some location
names may have multiple geographic locations asso-
ciated with them, which causes location ambiguity.
Thus, location disambiguation is applied by selecting
the most likely set of assignments for each location
reference based on hierarchical relations and the confi-
dence scoring algorithm [19].

Geographic focus determination: For each information
item, based on the occurrence counts and the corre-
sponding confidence scores of the locations, several
locations that are mostly associated with the informa-
tion are extracted to represent the geographic focus of
the page.

After these steps, the information item can be tagged as
one or several of the most related and unambiguous geo-
graphic locations. Each tagged location is recorded in a hier-
archical structure as the country, state (or province), county,
city, etc., corresponding to the GeoNames gazetteer; for the
example, in Table 1, the location ‘““Paris” is resolved as
“Paris/France”. Then, the modeling process of the location-
referenced information is accomplished, and further opera-
tions can be carried out on this basis.

@

3

4) LOCATION-REFERENCED INFORMATION CLUSTERING

Due to the amount and diversity of web information, web
information is difficult for people to browse and under-
stand. Therefore, the information items must be aggre-
gated and clustered based on spatial, temporal, and semantic
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dimensions to realize the comprehensive expression of infor-
mation according to topic and content. Since web information
is constantly being generated in real time; thus, traditional
clustering methods for massive incremental information are
infeasible because, for every new information item inputted,
all information items need to be clustered again, which
would lead to unacceptable time and computing costs. Hence,
a modified leader-follower clustering [36] strategy is applied
in this study to incrementally aggregate the information items
into clusters according to their extracted location, time, and
semantic elements. The specific clustering process is applied
based on the active clusters (with location, time, and seman-
tic centroid). For each new information item, the similarity
between the information and the active clusters is measured.
Then, the cluster is determined according to the similarity
score. The detailed location, time, and semantic similarity
measurement are described as follows.

During the clustering process, location is an important
factor that must be considered, and information items related
to the same location need to be integrated. In our study,
Formula 3 is used to measure the location similarity between
the information item and the active clusters:

. . 1 If i and c have the same location
L_simy (¢, i) =
0 else.

3

where k stands for the hierarchical level (country, state,
county, etc.) of the location. Based on this parameter, infor-
mation clustering is conducted hierarchically by location
level. c refers to the specific active cluster and i refers to the
information to be clustered. If i and ¢ have the same location,
then the similarity score is set to 1; otherwise, the value is set
to 0, which enables the information set to be clustered based
on the location factor.

To account for temporal similarity, the Gaussian atten-
uation function is applied to measure the time difference
between the new information item and the active cluster
time centroid. The time similarity measurement formula is
as follows:

(’i*h‘)z

T_sim(c,i)=e 27 4)

where ¢ and i refer to the specific active cluster and the
information to be clustered, respectively; #; and 7, are the time
element of information i and cluster ¢, respectively; and o
is the parameter to handle the attenuate rate, which is set to
3 in the formula. Based on this formula, temporal similarity is
quantified, and the result values range from O to 1, depending
on the time difference between the information item and the
cluster.

The semantic similarity between the crawled information
and the cluster is also measured based on the Description
tuple from the information model because the Description
tuple is the overall semantic expression, which involves
the participant, activity, and other content. Thus, the cosine
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similarity function, which calculates the term feature vector
similarity between the information and the cluster, is applied:

V.-V
D_sim(c,i) = ﬁc i 5)
Vc Vi

where the c is the specific active cluster, i is the information
to be clustered, and V. and V are the term feature vectors
for information i and cluster c, respectively, which are gen-
erated based on the terms from the Description tuple and
their corresponding TF-IDF scores. Based on this formula,
the semantic similarity between the information item and the
cluster is calculated, and the result values range from O to 1.

With the abovementioned location, time, and seman-
tic similarity measurement, the comprehensive similarity
between an information item and a cluster is calculated using
Formula 6, and the result values range from O to 1. In this
formula, ¢ and i are the cluster and the information item,
respectively, and k is the location hierarchical level. Based
on this formula, the incremental real-time clustering process
is performed for each new information item. Specifically,
the similarity scores between the new information item and
the existing clusters are calculated. Then, the item is added to
the most similar cluster if the score is larger than the threshold
value (since the value ranges of the time and semantic similar-
ity score are both from O to 1, the comprehensive threshold
is set as 0.5 x 0.5 = 0.25 in this work), and the cluster is
updated accordingly; otherwise, a new cluster is created using
the information item. In this way, clustering is incrementally
performed for each new information item collected in real
time.

Total_simy (c, i) = L_simy (c, i) - T_sim (c, i) - D_sim (c, i)

(6)

B. MAP MASHUP VISUALIZATION

Based on the abovementioned work, location-referenced
information was processed, modeled, and hierarchically clus-
tered. Then the visualization of these structured information
items in the map mashup interface is handled in this stage.
There are two main concerns in our visualization imple-
mentation. First, a concise and intuitive map presentation
for the information items should be developed because the
fundamental function of a map mashup is for the users to
index and browse the location-referenced information on the
map interface. Second, the relationships between the enti-
ties (locations, persons, etc.) involved in the information set
are visualized using knowledge graphs, according to their
co-occurrences in the information model.

1) VISUALIZATION OF INFORMATION ITEMS

The essential function of the map mashup is to index or present
location-referenced information on a map interface. However,

information visualization via map mashups is usually visually

chaotic [37], [38] due to the great amount of information

items and the lack of cartographic processing. If the presented
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(a)

(b)

FIGURE 3. Map labeling modes for information schematic diagram. (a) Traditional labeling mode. (b) Boundary labeling mode.

information is too chaotic, the visualization would be worth-
less. The problem of display massive amounts of information
on the map has been handled in cartography for decades, and
various labeling methods have provided the most effective for
interactive information visualization [39], [40]. Nevertheless,
relevant methods have rarely been used to map mashup in
previous studies.

Thus, we apply two types of labeling modes (i.e.,
the traditional labeling mode and the boundary labeling
mode) [39], [41] in the interactive and real-time map mashup
framework to achieve an intuitive and effective visualization
of information items The traditional labeling mode, which has
been most widely studied in previous cartographic studies,
is often used to place labels on a map. This mode mainly
considers the explicit correspondence between the placed
items and their corresponding locations on a map; thus,
each item is maintained close to its location while avoiding
item overlap. A modified traditional labeling method [42]
is applied here, and the visualization schematic diagram is
shown in Figure 3(a). The boundary labeling mode places
the items outside the map area, with the leader lines show-
ing the corresponding relationship between items and loca-
tions. In our study, boundary labeling is applied to combine
the heuristic search strategy with a boundary labeling
method [41], [43]. The boundary labeling mode takes advan-
tage of free space to present information; a schematic diagram
is shown in Figure 3(b). These two labeling modes have
their own advantages, and they offer users flexible options
to conveniently index and browse the location-referenced
information items under the map mashups framework.

2) INFORMATION KNOWLEDGE GRAPHS

In addition to map presentations of information items, peo-
ple are also interested in the association knowledge of the
information, which enables them to form a high-level under-
standing of the information set. With the information model,
various entities are extracted and recorded for information
items such as locations, organizations, and persons, based
on which corresponding knowledge graphs [44], [45] can be
automatically constructed. According to whether the entities
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involved are spatial elements (locations, countries, cities, etc.)
or nonspatial elements (organizations, persons, etc.), the gen-
erated knowledge graphs can be divided into two cate-
gories: spatial knowledge graphs and nonspatial knowledge
graphs.

(1) Spatial knowledge graphs: For this type of knowledge
graph, the location tuple of information is mainly con-
sidered. Specifically, the spatial distribution of the ref-
erenced locations within the corresponding information
items are presented as the nodes on the map interface,
and their association relationships are presented by
connecting links according to co-occurrences in the
information set.

(2) Nonspatial knowledge graphs: For this visualization
type, knowledge graphs are created for nonspatial
entities such as organizations and persons related to
the information. These entities are compiled as the
nodes of the knowledge graph network and connected
with lines based on co-occurrences in the information
set to present the association relationships between
them.

Knowledge graphs are constructed based on the
co-occurrences of entities in the information set; the detailed
process is shown in Figure 4. For convenience of illustration,
we take “Person” entities as an example to describe this
process, and the information items in the figure are assumed
to be a subset that is filtered based on a user’s request. For
each information item (I1, 12, I3, etc.) in this subset, some
“Person” from the Participant tuple in the information model
(E1, E2, E3, etc.) may be referenced synchronously, which
are referred to as co-occurrences between ‘““‘Person’ entities.
By integrating the co-occurrences of each information item,
the overall co-occurrence matrix for the information subset
can be generated; accordingly, the co-occurrence knowledge
graph between the ‘“‘Person” entities can be automatically
constructed.

With the proposed knowledge graphs, users can determine
the relationships that exist for a specific information subset of
interest, which can focus on a particular period of time or spe-
cific locations, organizations, or persons.
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Ill. EXPERIMENTAL VISUALIZATION

With the proposed information processing, modeling, and
map mashup framework, the automated information retrieval
and display application is implemented. The application is
implemented in Java with JSP pages, as well as Stanford
CoreNLP, Openlayers, and ECharts APIs. Through this sys-
tem, we attempt to obtain location-referenced web textual
data and to extract multidimensional tuples from the data
to form an information model. Then, based on this model,
individual information items have been visualized and cor-
responding knowledge graphs have been created. Practical
visualization experiments are conducted in this section.

A. EXPERIMENTAL DATA COLLECTION
To demonstrate the proposed framework and corresponding
application, a location-referenced data source is needed.
Because online news is a typical web sources that
contains massive amounts of geographic locations and
complex content, it is an appropriate experimental data
source for location-referenced information modeling and
map mashup visualization experiments. Therefore, in this
step, we use web crawlers and a data acquisition interface to
obtain articles from news media sites, including China Daily
and Yahoo News, as the experimental data in our application.
Data collection is carried out not only for past news but also
for news items posted in real time. In our experiment, the data
are collected from January 2017 until October 31, 2018;
more than twenty thousand valid news articles collected.
With the proposed information processing method, the news
articles are handled and extracted to the proposed information
model. Then, hierarchical clustering is performed based on
the model. The partial clustering result is shown in Table 3,
from which statistics for country-level location-referenced
information is presented for several representative countries,
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FIGURE 5. Chord diagram of the 10 countries with the most
location-referenced information.

including the USA, China, the UK, etc. These countries have
the largest number of information items; thus, the article
count, cluster count, and the top three clusters are illustrated
in the table. The USA occupies the largest proportion in
the result, with 3919 articles distributed into 483 clusters,
followed by China, the UK, Russia, and France.

The co-occurrences and correlations between the coun-
tries for our collected data are further explored, and a
chord diagram for the top ten countries with the most
location-referenced articles is presented in Figure 5. From
this figure, we can see that there are a number of arti-
cles that cover more than one geographic location, and
the co-occurrences of countries in these articles reflect the
degree of interaction between them, i.e., articles related to
the United States and China often relate to other countries
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FIGURE 6. Two types of labeling modes for location-referenced information visualization.
(a) Traditional labeling mode. (b) Boundary labeling mode. (c) Visual panel and clustered topic

schematic diagram.

synchronously, such as the UK, Russia, France, etc. In addi-
tion, Syria and Iran are involved in the results because of the
high exposure and international attention they have recently
received.

40482

Based on these collected data, a large amount of location-
referenced information is covered in our experiment, and the
interactive visualization for the real-time obtained data can
be achieved accordingly.
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(a)

(d)

(e)

FIGURE 7. Co-occurrence knowledge graph between locations of “trade” activity. (a) Overview of the co-occurrence graph. (b) Co-occurrences for
New York, USA. (c) Co-occurrences for Beijing, China. (d) Co-occurrences for London, UK. (e) Co-occurrences for Tokyo, Japan.

B. INFORMATION ITEM VISUALIZATION

The main aim of the designed visualization framework is to
use the map interface as the spatial reference to index and
browse location-referenced information items. The interface
mainly employs a network map and corresponding visual
containers to present the information items. Users can pan
and zoom through the map interface to interactively browse
and retrieve specific information items that have been hierar-
chically clustered and integrated according to their location,
time, and semantic dimensions. Based on the hierarchically

VOLUME 7, 2019

structured information set, users can focus on location levels
of interest, such as country, state, county, etc.

Some visualizations for country-level locations are pre-
sented in Figure 6, and the results for the two types of visu-
alization modes, traditional labeling and boundary labeling,
are shown in Figure 6(a) and Figure 6(b), respectively. For
a specific location on the map, a visual panel is created to
provide an integrated display for the corresponding infor-
mation items, which are distributed in clusters, as shown
in Figure 6(c). Users can swipe up and down the panel
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FIGURE 8. Co-occurrence knowledge graph between “cristiano ronaldo” and related persons.

TABLE 3. Articles and cluster statistics for the main countries.

Country Total Article Cluster Article
Name Count Cluster Count Main Cluster Keywords Count
tariff, steel, trade, import, aluminum 283
USA 3919 483 ROK, DPRK, Peninsula, Kim, talk 148
school, student, gun, shooter, Florida 127
tariff, trade, product, WTO, steel 191
China 2487 382 THAAD, Peninsula, DPRK, ROK, negotiate 136
Africa, industry, cooperation, Tillerson, debt 98
terror, police, attack, London, London Bridge 133
UK 1230 213 Manchester, police, bomber, concert, attack 83
Brexit, EU, economy, growth, trade 81
agent, expel, poisoning, Britain, diplomat 109
Russia 708 97 missile, test, Sarmat, sanction, Saratov 74
fan, Cup, football, World, open 58
Brexit, EU, Britain, May, border 62
France 629 89 Macron, Paris, supermarket, hostage, reform 53
Paris, climate, accord, agreement, Trump 49

to dynamically load and browse information items for this
location in an interactive way.

For the traditional labeling mode, the information panels
are placed close to the locations; in this way, the correspond-
ing relationship between the location and the information can
be clearly presented. However, the information panels occupy
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map space and may influence the expression of the base map.
For boundary labeling mode, because the information panels
are placed outside the map space, there is little influence on
the base map; however, the correlation between location and
information in this mode is not as intuitive as that in the
former mode. The two modes have their own advantages, and
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both have the ability to instantly refresh the map interface
according to pan and zoom operations. Thus, by applying
these two labeling modes in the proposed map mashup frame-
work, a more flexible and intuitive way to index and browse
location-referenced information items is provided.

C. KNOWLEDGE GRAPH VISUALIZATION

In addition to indexing and browsing individual information
items on a map interface, users are interested in the associa-
tion relationship knowledge contained in the information set.
With the proposed framework, the basic elements for each
information item are extracted and modeled, which provides
the basis to further interpret the relationships between the
location, person, organization, etc., entities in the information
set. With the method proposed in Section II, spatial and
nonspatial knowledge graphs can be generated for various
entities in which users are interested.

Knowledge graph visualization examples are shown in Fig-
ures 7 and 8 for location and person entities, respectively. The
spatial knowledge graph in Figure 7 considers the ‘“‘trade”
Activity between various locations around the world. The
graph is constructed based on the subset retrieved from the
information set with the search criteria as follows: the Time
tuple is from 2017/1/1 to 2018/10/31, and the Activitytuple
is “trade’’. Thus, the network is constructed with the loca-
tions as the nodes (with different symbol sizes to reflect
the occurrence frequencies) and the co-occurrences between
locations as the edges (with different colors and widths to
reflect the connection intensity between entities according
to their co-occurrence frequencies), as shown in Figure 7(a).
The “trade’ condition for some locations can be interactively
viewed by hovering the mouse cursor over the location, and
the “trade’ condition views for New York, Beijing, London,
and Tokyo are presented in Figure 7(b)-(e), respectively.

The nonspatial knowledge graph example is presented
in Figure 8. The information subset for this result is retrieved
with the following search criteria: the Time tuple is from
2018/5/1 to 2018/10/31 and the Participant tuple is *“Cris-
tiano Ronaldo”. The co-occurrence relationships between
soccer player Cristiano Ronaldo and other related persons,
such as Lionel Messi, Florentino, and Putin, are illustrated
in the figure. From this type of knowledge graph, users can
intuitively determine implicit relationships for specific per-
sons, organizations, etc., using the visualization result. Thus,
the visualization examples show that the knowledge graphs in
our framework provide an intuitive and effective perspective
to help users gain insight into the entity-level knowledge in
the information set.

IV. CONCLUSIONS

In this research, we propose a novel information pro-
cessing, modeling, and map mashup visualization frame-
work for location-referenced web resources. The framework
attempts to resolve and model real-time collected web tex-
tual information from spatial, temporal, and semantic dimen-
sions in real time using NLP, geotagging, and hierarchical

VOLUME 7, 2019

clustering methods. Based on the quintet information model,
the extracted spatial, temporal, and semantic elements pro-
vide deep-level content that can intuitively and comprehen-
sively facilitate the understanding of the information. Then,
the visualization application is implemented to combine map
mashups with cartographic methods to automatically gener-
ate knowledge graphs, which allows users to interactively
index and browse the individual information items and to fur-
ther view the overall distribution and correlations of various
entities in the information set.

The proposed framework is an effective and feasible archi-
tecture for general location-referenced information. Cus-
tomized extensions can be developed for specific domains to
obtain more targeted and particular information models along
with the corresponding visualization patterns. In addition,
while the framework is currently limited to textual informa-
tion, the semantic resolution of other forms of media, such
as video, audio, graphs, and images, could be explored to
extend the ability of the system to parse various types of
information. These considerations present several directions
for future work.
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