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a b s t r a c t
The development of theories and techniques for big data analytics offers tremendous possibility for investigating
large-scale events and patterns that emerge over space and time. In this research, we utilize a unique open
dataset “The Global Data on Events, Location and Tone” (GDELT) to model the image of China in mass media, speciﬁcally, how China has related to the rest of the world and how this connection has evolved upon time. The results of this research contribute to both the methodological and the empirical perspectives: We examined the
effectiveness of the dynamic time warping (DTW) distances in measuring the differences between long-term
mass media data. We identiﬁed four types of connection strength patterns between China and its top 15 related
countries. With that, the distance decay effect in mass media is also examined and compared with social media
and public transportation data. While using multiple datasets and focusing on mass media, this study generates
valuable input regarding the interpretation of the diplomatic and regional correlation for the nation of China. It
also provides methodological references for investigating international relations in other countries and regions
in the big data era.
© 2016 Elsevier Ltd. All rights reserved.

1. Introduction
The development of the Internet not only provides a variety of avenues for communication, but it also generates rich data sources from
which researchers can analyze human behavior patterns from both individual and aggregated perspectives (Eagle, Pentland, and Lazer,
2009; Liben-Nowell, Novak, Kumar, Raghavan, and Tomkins, 2005).
Compared to social media, traditional mass media is characterized by
the signiﬁcance and aggregated nature of associated events (Liebert
and Schwartzberg, 1977), including both positive events (e.g., holiday
festivals) and negative events (e.g., street riots). As such, mass media
data are more suitable for investigating the aggregated pattern than
the individual elements of a society, such as how these events affect different geographic regions from a societal level (Batty, 2013). These data
are capable of capturing the social, economic, cultural, and, political aspects of a society synergistically. In addition, mass media data are often
collected and generated in a longer time span, and are updated on a
daily (or even hourly) basis, therefore they are appropriate for modeling
both long-term trends and patterns (e.g., the evolvement of a city or a
country in decades) and short-term patterns (e.g., real-time update of
a riot). Although the rapid development of techniques and theories in
the big data era have introduced new opportunities to analyze the
large amount of mass media data available online, most existing research focuses on the methodological perspective of event mining
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such as spatio-temporal pattern recognition (Huang, Zhang, and
Zhang, 2008). Relatively few empirical studies have investigated using
mass media data to explore the connections between different geographic regions, or exploring how these connections evolve over time
(Cohen and Cohen, 2009; Liu, Wang, Kang, Gao, and Lu, 2014b).
Spatial connection (relatedness) has been a hot topic in many research ﬁelds, such as transportation, immigration, and political geography. This concept was implied in Tobler's ﬁrst law of geography (TLF)
(Tobler, 1970) “near things are more related than distant things”, and
covers a broader range of connection than “interaction.” Much literature
introduces auxiliary information and various data sources to analyze the
strength and formation of such connection between geographic entities,
such as using trafﬁc ﬂows to measure the strength of ties in origindestination (OD) locations, or using immigrant ﬂows to measure the bilateral relations between countries (Rodrigue, Comtois, and Slack, 2013;
Lewer and Van den Berg, 2008). Undoubtedly, these datasets provide
empirical evidences to quantify spatial connection and related geographic phenomenon. However, they also have internal limitations:
ﬁrst, aggregated socio-economic data, such as transportation and trade
ﬂows, are often single-faceted, so conceptually they only provide limited aspects of the spatial connection between two entities. Second, these
data, although collected during a long time span (i.e., longitudinal data),
are not updated in real time; therefore, they often have a coarse temporal resolution (e.g., published on a yearly basis). Normally, there is a
time lag between the actual events' happening and when the data become available from authorities. The availability of different datasets
also varies in each country based on local policies. Hence, such datasets
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have limited capability in quantifying the spatial connection between
countries in a more synergized way, and they are difﬁcult to be updated
in real-time.
In this study, the open-source dataset “The Global Data on Events,
Location and Tone” (GDELT) is employed to analyze the ties and connections between China and other countries as described in mass
media. The ﬁelds of communication, history, and political science,
among others, have widely explored GDELT's continuous compilation
of print, broadcast, and web news media events (Leetaru and Schrodt,
2013; Yonamine, 2013), but the spatial element of the data has not
been investigated sufﬁciently. First, we examine the magnitude of the
spatial decay effect in GDELT data and two complementary datasets
(Flickr data and Airline Carrier data) based on the gravity model to
test the different roles of distance in various circumstances. Second,
we construct time series models to analyze the pattern of intercountry connections with respect to time. The dynamic time warping
(DTW) distance is adopted due to its capability of dealing with displacements in time series. Based on the constructed DTW distances, we employ clustering analysis to investigate the internal patterns of the series.
Although geographic information systems (GIS) are designed to deal
with geo-spatial data, many studies attempted to raise awareness of
the importance of time in GIS studies. Both “space” and “time” dimensions are considered as fundamental components to interpret a geographic phenomenon or process in GIS (Longley, Goodchild, Maguire,
and Rhind, 2005). Hence, in this research we explore techniques for utilizing GDELT to model inter-country relations from both spatial and
temporal perspectives. Here we use “spatial connection” to refer to a
broader meaning of relatedness than spatial interaction.
Our ultimate objective is to explore the feasibility of employing mass
media data to quantify spatial connection between countries, and how
this connection evolves upon time. This research does not aim to provide in-depth interpretation of these connections from a political perspective. Instead, we focus on demonstrating the effectiveness of
utilizing mass media data to reveal new insights in a long-lasting question in geography: spatial interaction and connection between countries. Due to the nature of news reports, these data represents more
synergized information (i.e., covering multiple aspects of international
relations such as economic, political, cultural, military, etc.) than a
single-facet dataset (e.g., transportation ﬂow). Our methodology can
be considered as a data pre-processing strategy for pattern recognition
and interest identiﬁcation in multiple application areas, such as public
relation, sociology and political geography. The results offer valuable insight for policy makers to interpret the long-term geographic dynamics
of decision making in international relations, as well as provide references and inputs for analyzing news media in the big data era.
This paper is organized as follows: Section 2 describes related studies in the areas of human activity modeling, event data, and time series
analysis. Section 3 illustrates the fundamental research design including
the GDELT dataset and methodology. Section 4 presents the data analyses, results, and discusses various aspects of the output in detail. We
conclude this research and present directions for future work in
Section 5.

correlation and interactions from individual, urban and country level
(Liu, Sui, Kang, and Gao, 2014a; Noulas et al., 2012; Yuan, Raubal, and
Liu, 2012).
In communication studies, mass media is often deﬁned as the media
technologies which target large audiences in a variety of forms, such as
radio, newspaper and television (Mazzitello, Candia, and Dossetti, 2007;
McQuail, 1979). As discussed in Section 1, compared to “individual-oriented” social media, traditional mass media often concentrates on the
signiﬁcance and aggregated nature of associated events. These datasets
focus on speciﬁc inﬂuential events instead of volunteered individual activities and are, therefore, particularly suitable for analyzing large scale
and long-term patterns (Lawson-Borders, 2003). In an attempt to analyze the relationship between social media and traditional mass
media, Salman, Ibrahim, Hj-Abdullah, Mustaffa, and Mahbob (2011)
discussed the fact that the internet changed how people consume information, but they argue that traditional mass media still plays an important role in interpreting human activities due to its large-scale and
selective nature. The development of theories and techniques for big
data analytics also offers tremendous ﬂexibility for investigating largescale events and patterns that emerge over space and time (Schrodt
and Gerner, 2000).
Currently, many researchers are analyzing mass-media's impact on
both short-term socio-economic events and long-term trends. For instance, Lavrenko (2000) investigated the impact of mass media on economic indicators such as stock market and Romer, Jamieson, and Aday
(2003) analyzed the reaction of the population to violence and crime reports. On the other hand, complex systems like cities and countries
often evolve gradually over a longer time span. The status of social indicators at different stages can be quantiﬁed as time series data. Since
mass media news is normally quickly generated with clear timestamps,
these data can be particularly useful in tracing and analyzing the emergence of complex systems (Ramsay, Matowe, Grilli, Grimshaw, and
Thomas, 2003). For instance, Jiang and Mai (2014) provided an exemplary case study by analyzing the effects of events in a given country
on other countries based on GDELT data. They also deﬁned the strength
of the causal links between countries based on their ﬁndings. This type
of analysis provides valuable insight when analyzing the ebbs and ﬂows
of international relations. Yonamine (2013) also utilized GDELT data to
construct a model which can predict conﬂict levels in Afghanistan. The
proposed model allows for incorporating various socio-political factors
such as drug prices, unemployment levels, and ethnic diversity.
This research intends to improve upon these previous studies using
GDELT data. Although the processed data size is only in the scale of “millions”, the raw data was selected and processed from numerous news
media worldwide in real-time; hence, the methodology presents a
novel perspective to model international relations in the big data era.
It not only considers the role of different countries in mass media, but
also focuses on the yearly change of inter-country connections based
on time series analysis and the correlation between inter-country connections and their spatial locations. Also, as this article focuses on
China, we have an opportunity to examine the changes of international
relations in a rapidly-developing country.

2. Related work

2.2. Spatial connection and distance decay effect

2.1. Mass media data in the big data era

As discussed in Section 1, the ﬁrst objective of this research is to investigate how distance effects inter-country connections in mass media.
Researchers have employed different models to investigate how distance decay inﬂuences the magnitude of interactions between geographic units. Among all potential models, the gravity model is
commonly-used due to its effectiveness in predicting the degree of interaction, its simplicity of equation, and its ability to deal with ﬂows in
both directions (Rodrigue et al., 2013; Hardy, Frew, and Goodchild,
2012).
In addition, as implied in Tobler's ﬁrst law of geography (Tobler,
1970), spatial relatedness (connection) is considered as a broader

The development of World Wide Web (WWW) and Information and
Communication Technologies (ICTs) has created a wide range of new
spatio-temporal data sources (e.g., social networking check-in data, online news columns), which have allowed for a new paradigm in data
analysis and pattern recognition (Wu, Zhi, Sui, and Liu, 2014; Noulas,
Scellato, Lambiotte, Pontil, and Mascolo, 2012). A large number of previous studies have focused on utilizing “individual-oriented” datasets
such as social networking data, call detailed records (CDRs) and trajectories from Global Positioning System (GPS) devices to analyze
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term than “interaction” when describing the relation between two spatial entities. Researchers have identiﬁed different categories of relations
that can belong to spatial relatedness, such as spatial proximity, attributive similarity and spatial interaction (Liu et al., 2014b). Gravity models
are often utilized to model spatial connection and to discuss the effects
of distance on certain types of spatial association. For instance, Hardy
et al. (2012) investigated how gravity models can help determine the
role of distance in volunteered geographic information (VGI) production and Liu et al. (2014b) used them to explore relatedness between
Chinese provinces.
The term “connection” in this research is similar to “relatedness” in
previous research, i.e., inter-country connection may capture spatial
proximity, interaction and other types of relations. However, we explore both one-way and two-way connections which focus on different
aspects of “relatedness”. Due to the two-way nature of distance decay
effect, the analysis in Section 4.1 considers the “relative importance”
(e.g., the total number of records in GDELT) of both countries when normalizing the data. However, the time series analysis in Section 4.2 focuses on how each country plays a different role for China, and how this
role changes over time (e.g., for China, the United States may have the
highest frequency of “co-occurrence” in GDELT data and thus plays the
most important role; however, this observation is not necessarily true
vise verse).

2.3. Time series data and dynamic time warping (DTW)
Methodologically, researchers have also applied various techniques to model and compare time series data in mass media.
Based on the model construction, further analyses can be conducted
such as forecasting, classiﬁcation, and clustering (Brockwell and
Davis, 2002). One important research question in time series analysis is ﬁnding whether two time series represent similar behavior
(Gunopulos and Das, 2001). Classical distance measures, such as
Euclidean distance, are not suitable for measuring the distance between time series data. For example, consider two time series
A[1,1,1,1,2,10,1,1,1] and B[1,1,1,1,10,2,1,1,1]: the Euclidean distance
between A and B is √ 128. This is a fairly large number for two very
similar series. Therefore, researchers investigated more advanced
algorithms to measure the similarity between two time series or
two curves, such as the Discrete Fréchet Distance (Eiter and
Mannila, 1994); however, this method is very sensitive to outliers
and displacements (Ahn, Knauer, Scherfenberg, Schlipf, and
Vigneron, 2010), hence it is not very appropriate for time series
data (Yuan and Raubal, 2012).
As discussed in Section 1, this research also focuses on identifying the temporal patterns of China's relations with other countries
based on media event data. In addition to the spatial decay effect
in Section 2.2, we also explore the similarity/dissimilarity of event
time series based on clustering analysis. This research adopts the dynamic time warping (DTW) distance to quantify the similarity between the time series of connection strengths between countries.
DTW was ﬁrst proposed to ﬁnd an optimal match between two
given time-dependent sequences (Sakoe and Chiba, 1978). Compared to traditional distance measures (e.g., Euclidean distance),
DTW is particularly suitable for data with possible displacement in
the time dimension (Sakoe and Chiba, 1978; Myers and Rabiner,
1981), and has been widely-applied in various research ﬁelds such
as speech recognition, motion detection, signal processing, and
urban studies for matching two time series (da Costa Filho, de
Brito Filho, de Araujo, and Benevides, 2009; Yuan and Raubal,
2012; Senin, 2008; Lee, Han, Li, and Gonzalez, 2008).
Note that the connections in this research between China and foreign countries indicate a correlation not causation, and as discussed in
Section 1, this research does not concentrate on interpreting these relations from a political or sociological perspective. Instead, it provides

new insight from the perspective of utilizing spatial data mining as a
pre-processing tool for social studies.

3. Research design
3.1. Dataset
3.1.1. Main dataset: GDELT
This research utilizes an open dataset named GDELT. This CAMEOcoded dataset1 (Schrodt, 2012) is updated daily and consists of over a
quarter-billion news event records dating back to 1979. It captures
what has happened/is happening worldwide, which can be utilized as
a valuable resource for modeling societal-scale behavior and beliefs
across all countries of the world (Leetaru and Schrodt, 2013). The data
include multiple columns such as the source, actors, time, and approximated location of recorded events. The average “tone” of an event is also
computed by including all documents containing one or more mentions
of it. For instance, a news event that “Chinese people celebrate the
spring festival” indicates a positive tone, whereas a news report about
border conﬂict may receive a negative tone score. The score ranges
from −100 (extremely negative) to +100 (extremely positive) based
on the tonal algorithm in Shook, Leetaru, Cao, Padmanabhan, and
Wang (2012).
For instance, in a news report entitled “In Malaysia, Obama carefully
calibrates message to Beijing”, Actor 1 will be “the United States Government” and Actor 2 will be “the Chinese Government”. The associated
geographic locations of Actor 1, Actor 2 and the actual action is demonstrated in Table 1. One of the two actor ﬁelds may be blank in complex
or single-actor situations or contain only minimal details such as “Unidentiﬁed gunmen”. Here we only consider the cases when the two actors are explicitly identiﬁed and geo-tagged.
Note that GDELT data has also raised a considerate amount of
controversy in the academic ﬁeld, especially regarding its data quality and ability to reliably geocode the location of events. For example, the news sources for the GDELT before 2013 are mainly from
media published in English, which naturally introduce sampling
bias from cultural and regional perspectives. Hammond and
Weidmann (2014) compared GDELT with two hand-coded datasets
on political violence (Sundberg and Melander, 2013; Raleigh and
Hegre, 2009), and they concluded that GDELT should be used with
caution for geospatial analyses at the subnational level. However,
this study only focused on violence-related events. Another study
by Ward et al. (2013) uses a commercial dataset - the World-wide
Integrated Crisis Early Warning System (ICEWS) - to validate the
GDELT dataset on temporal trajectories at a ﬁxed location. The authors found that GDELT and ICEWS both captured major events in
Egypt between 2011 and 2012, but GDELT appears to cover more
events than ICEWS. The study by Arva et al. (2013) crosscompared ICEWS and GDELT at the country level, and they reported
that the GDELT data performs as well or better than the data in the
original ICEWS dataset in detecting hotspots of conﬂict at the country level.
To further cross-validate country-level geocoding in GDELT, we
extract all the records in GDELT and ICEWS that list China as one of
the two actors from 2005 to 2010. As noted in Ward et al. (2013),
GDELT covers substantially more news records than ICEWS especially after 2005. This is also demonstrated by Fig. 1, where the data size
discrepancy between the two datasets increased over time. In 2010,
ICEW only covers 1/7 of the data quantity as GDELT. We also conduct
a Wilcoxon signed rank test for ICEWS and GDELT data in 2005–
2010, which compares the percentage of top 20 countries related

1
Conﬂict and Mediation Event Observations (CAMEO) is a framework for coding event
data.
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• Flickr data

Table 1
A sample record from GDELTa.

Event date

Actor 1_Geo

89

Actor
2_Geo

Action_Geo

2014-04-26 Washington, District of Beijing, Kuala
China
Lumpur,
Columbia, United
Malaysia
States

Average
tone
Geo_Type
2.42

3

Note that the details of location information vary in the records. GDELT measures
the level of geographic details by ﬁelds named Geo_Type. This ﬁeld speciﬁes the
geographic resolution of each location and holds one of the following values:
1 = COUNTRY (country level), 2 = USSTATE (a US state), 3 = USCITY (a US city
or landmark), 4 = WORLDCITY (a city or landmark outside the US), 5 =
WORLDSTATE (an Administrative Division 1 outside the US – roughly equivalent
to a US state) (Leetaru and Schrodt, 2013). Since this research is conducted at
the country level, all records with Geo_Type ≥ 1 should be considered.
a
Due to page limit, only ﬁelds related to this research are displayed.

to China (i.e., co-appearing with China) in news records (H0 – null
hypothesis: For these top 20 countries related to China, there is no
signiﬁcant difference between their probability of co-appearing
with China in GDELT and ICEWS). The difference is tested insigniﬁcant between ICEWS and GDELT datasets (p b 0.05) in terms of
country-level geocoding result; however, GDELT has a much larger
sample set and therefore is more suitable for aggregated-oriented studies. The concerns of previous studies regarding GDELT's data quality is
more from the semantics perspective, i.e., whether an event can be categorized as “violence” or “negative”; however, the objective of this
study is to investigate inter-country connection merely based on the
geocoded ﬁeld of GDELT instead of the semantics/tone of news records.
Our analysis conﬁrmed the geocoding accuracy of GDELT at the national
level, as well as the reliability of GDELT in modeling connection between countries by looking into countries related to China. In addition,
starting from April 1st 2013, GDELT data include a new column: source,
showing the texts from which this data record is generated. Although it
is still difﬁcult to verify early GDELT data, it provides a possibility for the
research community to evaluate the machine learning algorithms
GDELT currently use, and conduct accuracy check for data after 2014.

3.1.2. Complementary datasets
As illustrated in Section 2.2, besides the main dataset GDELT, we
utilize two other complementary datasets to compare the spatial
decay effects in different circumstances. Our primary objective is to
explore the role of distance in datasets with different natures
(i.e., mass media, social media and public transportation data).

This dataset covers 31,597,136 geo-tagged Flickr images. The images
were randomly sampled globally from the years 2008–2012.2 Each record captures the geographic coordinates, date, time, unique ID of the
uploaded image. The location information of this dataset was acquired
through volunteered geographic information (e.g., built-in GPS module
of smart phones). Here the interactions between countries are deﬁned
as the number of Unique IDs who uploaded images in both countries.
The detailed steps of model construction will be illustrated in Sections
3.2 and 4.2.
• Airline carrier data
This dataset includes the number of passengers transported between China and foreign countries in 2008–2012. Note that this data
only covers airlines operated in China.3 However, due to the equality
of the freedoms of the air,4 this data can be considered as proportional
to the total number of passengers transported between China and foreign countries. We also utilize the total number of air passengers carried
by air carriers registered in each country from the World Bank,5 which
can be considered as the “relative importance” of each country when
modeling air transportation interactions in gravity model.
3.2. Methodology
As discussed in Section 2, this research concentrates on the intercountry relatedness between China and foreign countries. The analyses
will be conducted from the following three steps:
• Data preprocessing
Due to the large volume of the data records and coded ﬁelds in
GDELT, it is necessary to preprocess the dataset and select essential information before analysis.
First we extract all news records involving China and another country as two parties. Since this analysis only involves country-level geocoding, all records with country or higher level resolution are included
(i.e., Geo_Type ≥ 1). Note that the location of “action” is not considered
as a substantial factor here, since an event related to a certain country
can happen inside or outside of that country.
Based on the pre-processed data, for each country we calculate the
frequencies of “co-occurrence” with China (donated as C) in GDELT.
The frequencies are noted asFy(i, c), which stands for the “co-occurrence” frequency between China and country i in year y.
• Modeling and interpreting spatial decay effects
As illustrated in Section 2.2, the gravity model is utilized in this research to examine the distance decay effect:

Iij ¼ K

Pi P j
Dβij

ð1Þ

where Pi and Pj are the “conceptual sizes” (relative importance) of two
countries i and j in a certain topic, Dij represents the distance between
them, and Iij denotes the interaction/connection between i and j. As
shown in Section 3.1, we construct three gravity models to compare
the best ﬁt of distance friction coefﬁcient β to investigate the underlying
2

http://labs.yahoo.com/news/yfcc100m/.
Data provided by the Institute of Geographic Sciences and Natural Resources Research,
Chinese Academy of Sciences.
4
“International Air Services Transit Agreement”: https://www.mcgill.ca/ﬁles/iasl/
chicago1944b.pdf.
5
http://data.worldbank.org/indicator/IS.AIR.PSGR.
3

Fig. 1. Number of China-related records in ICEWS and GDELT.
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factors of distance decay for three datasets (GDELT, Flickr and Airline
carrier data). The speciﬁc parameters are deﬁned as follows:
GDELT
Iij The frequency of “co-occurrence” of countries i and j in news
records.
Pi The total occurrence of country i in news records.
Pj The total occurrence of country j in news records.
Flickr
Iij The number of unique users who have uploaded images in
both i and j.
Pi The number of unique users who have uploaded images in
country i.
Pj The number of unique users who have uploaded images in
country j.
Airline
Iij The number of passengers carried between i and j.
Pi The number of passengers carried in country i (both domestic
and international).
Pj The number of passengers carried in country j (both domestic
and international).
Since we provide case studies of China, the model ﬁtting only considers the top 50 countries with the highest Iij between China. Based on
the above deﬁnitions, we calculate the best ﬁt of coefﬁcient β by evaluating the Pearson correlation (R2) between ﬁtted and observed Iij. The β
value that achieves the highest R2 is considered the best ﬁt. Since R2 is
scale-free, the constant K does not affect our model ﬁtting. For consistency
we use data from 2008 to 2012 for all three datasets in this analysis. As illustrated in previous studies in human mobility, transportation and regionalization (Gonzalez, Hidalgo, and Barabasi, 2008; Liu et al., 2014b),
higher β value indicates a stronger distance decay effect. The detailed
model ﬁtting results are illustrated in Section 4.1.

the DTW distance between the two series is considered as a path through
the grid which minimizes the total distance.
To explore the similarity and distinctions between countries at a
greater detail, we also conduct clustering analysis based on the DTW
distance. This research utilizes hierarchical clustering since it can operate directly on the customized distance matrix. In practice, the number
of clusters is often determined by speciﬁc applications or scenarios. As
an exemplary analysis, we adopt the Calinski-Harabasz index (CH
index) widely utilized in statistical analyses, which determines the
number of clusters based on the combination of within-cluster variance
and between-cluster variance. Normally a higher CH index indicates an
optimized number of clusters, deﬁned as:
CH Index ¼

b var=ðk−1Þ
w var=ðn−kÞ
K

where between-cluster variance is denoted by bvar ¼ ∑ nk jjX k −Xjj2 ,
k¼1

K

within-cluster variance is denoted by wvar ¼ ∑ ∑ jjX i −X k jj2 .X k , Xi
k¼1 CðiÞ¼k

and nkare the average value, the ith element and the number of elements in cluster k, and K is the total number of clusters. Section 4 describes the results of distance decay effects, DTW distance calculation
and clustering analysis.
4. Analysis results and discussion
4.1. Spatial decay effect

As discussed in Section 2, a DTW distance is adopted to obtain a robust
similarity measure between two series with a high tolerance of element
displacement (Brown, Hodgins-Davis, and Miller, 2006). Fig. 2 represents
the process of calculating the DTW distance between two example time
series (Yuan and Raubal, 2012). First a DTW grid is constructed. Inside
each grid cell a distance measure is applied to compare the corresponding
elements (here we use absolute differences) of the two time series, and

As discussed in Section 3.2, we calculate the best-ﬁt β for three
datasets. Figs. 3 and 4 indicate the correlation between the ﬁt β values
and the goodness of ﬁt (R2) of all three datasets.
As can be seen, the three datasets demonstrate distinct patterns for
distance decay effect. Distance plays the weakest role in the Flickr
dataset (β = 0.12, R2 = 0.9997). For GDELT dataset the distance decay
effect is stronger (β = 0.74, R2 = 0.9252), whereas the international airline data shows the strongest distance decay effect (β = 1.51, R2 =
0.7926). Compared the β values obtained by several related studies:
0.2 for Chinese province name co-occurrences on web pages (Liu
et al., 2014b), 1.59 for bank note trajectories (Brockmann and Theis,
2008) and 1.75 for individual mobility patterns by mobile phone data
(Gonzalez et al., 2008), our study further conﬁrms that the volunteered
geographic information in social networking sites experiences a weaker
distance decay than mass media data or public transportation data. This

Fig. 2. DTW algorithm.

Fig. 3. Fitted β values and the goodness of ﬁt (R2).

• Modeling and interpreting time series data
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Fig. 4. (a) Observed and ﬁtted Iij (Flickr); (b) Observed and ﬁtted Iij (GDELT); (c) Observed and ﬁtted Iij (Airline).

is potentially due to the data sampling bias in social networking sites
(e.g., people are more likely to upload images or post tweets when they
travel). Fig. 5 further conﬁrms this pattern by plotting top 15 countries
I

with the highest relatedness ðPi ijP j Þ in three datasets. As seen in Fig. 5a,
Switzerland, Australia, and Morocco are generally recognized as popular
sites for Chinese tourists. However, the majority of countries in Fig. 5c
are nearby or adjacent countries of China, indicating a stronger spatial
decay effect in public air transportation. The difference between Fig. 5b
and c is also worth noting. As can be seen, GDELT data (i.e., mass media
data) demonstrate stronger spatial decay effect than Flickr data (social
media), with stronger connection from nearby countries such as Inner
Mongolia and South Korea. This is potentially caused by the nature of
mass media, where adjacent countries are more likely to be involved in
international affairs and then maintain a closer bilateral relation.
4.2. Clustering time series
Besides the spatial component, time series data from news events is
another important piece of information for analyzing the correlation between different entities in news reports. Here we ﬁrst deﬁne connection
strength as follows:
F y ði; cÞ
Coy ði; cÞ ¼ X
F y ð j; cÞ

ð2Þ

j≠c

where Fy(i,c) is the frequency of co-occurrence between China and I, and
∑ F y ð j; cÞ is the total number of records which involves China and anothj≠c

er country as two actors. Note that here the connection strength is not

normalized by the total occurrence of country I. As mentioned in
Section 2.2, unlike the “two-way” spatial decay effect, here we concentrate on the “one-way” effect for China, i.e., how important country I is
to China based on the percentage of its co-occurrence with China without
considering how important China is for country I. In this way the time series study provides more valuable input for policy makers and planners in
China. Hence in this study when referring to “from China's perspective”, it
indicates that the analysis uses “the total number of records which involves China as one of two actors” as the denominator. We do not aim
to provide a perspective from Chinese media's perspective.
Table 2 shows the top 15 countries with the highest connection
strength during the study time span 1979–2013 (total number of records 1,271,905 after data pre-processing6).
To further explore the changing dynamics of this pattern, we compute the normalized yearly connection strength between China and
the top 15 countries. Note that here the time series are normalized to
the range [0,1] to capture the relative patterns and eliminate the effect
of data magnitude. In relative time series, each country's connection
strengths with China are divided by its maximum value between 1979
and 2012. The following series provides an example series between
the US and China, which indicates that the connection strength is the
highest (1.000) in the year 1982 and the lowest (0.781) in 2006:
• US[0.841,0.902,0.992,1.000,0.983,0.981,0.94,0.917,0.902,0.876,0.883,
0.855,0.839,0.813,0.813,0.836,0.882,0.858,0.852,0.858,0.862,0.831,
0.854,0.831,0.826,0.807,0.794,0.781,0.795,0.811,0.842,0.877,0.906,0.924]

6
Records involving the province of Taiwan and the special administrative region of
Hong Kong are not included due to a data quality issue.
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I

Fig. 5. Top 15 countries with the highest Pi ijP j with China in (a) Flickr data; (b) GDELT data; (c) Airline data with a zoom-in view.

As indicated in Fig. 6, when the number of clusters is equal to four,
we obtain the highest CH index; therefore, the time series of 15 countries are divided into four groups in Fig. 7.
Fig. 7a–d indicate four distinct time series patterns based on the result of hierarchical clustering.

• Cluster 1: UK and RP; normalized connection strength ﬁrst decrease
then increase.
• Cluster 2: CA, KS, KN, AS, IN, and IR; normalized connection strength
generally increases.
• Cluster 3: RS, FR, US, PK, JA and GM; normalized connection strength

Y. Yuan et al. / Computers, Environment and Urban Systems 62 (2017) 86–96
Table 2
Top 15 countries with the highest connection strength with China.

Country
United
States
Japan
Russia
South Korea
North Korea
United
Kingdom
France
Iran
Pakistan
India
Australia
Vietnam
Germany
Philippines
Canada

FIPS
codea

Connection
strength
Co(i, c)

Co-occurrence
frequency
F(i, c)

Distance to China
(km)b

US

0.179

227,890

11,170

JA
RS
KS
KN
UK

0.0929
0.0808
0.0465
0.0424
0.0414

118,194
102,821
59,165
53,948
52,605

2099
5807
956
812
8161

FR
IR
PK
IN
AS
VM
GM
RP
CA

0.0290
0.0238
0.0236
0.0227
0.0219
0.0193
0.0184
0.0152
0.0140

36,880
30,255
29,959
28,935
27,864
24,545
23,400
19,323
17,747

8238
5613
3888
3784
8919
2321
7377
2839
10,476

a

Federal Information Processing Standards (FIPS) are publicly announced standardizations developed by the United States federal government for use in computer systems.
b
Distance measured between country capitals.

appears to be stable.
• Cluster 4: VM; normalized connection strength generally
decreases.

In addition, Cluster 4 can be considered as an outlier pattern as
Vietnam is the only country fall into this category. The four categories
provide a more formalized determination of the varying connection
strength between China and foreign countries, and Section 4.3 will discuss the indications of these patterns in a greater detail.
4.3. Discussion
The analyses in Sections 4.1 and 4.2 provide valuable insights for
quantifying inter-country relatedness from modeling, predicting and
clustering perspectives. Although the analyses are conducted from
two perspectives (distance decay and time series analysis), they are inherently connected: 1) as mentioned in Section 1, both space and time
are fundamental components of GIS (Longley et al., 2005) to a more
complete understanding of spatial phenomenon. This research address
inter-country connection from both spatial and temporal perspectives;
2) previous research has addressed that the relatedness (connection)
of two geographic entities can mainly be explored from two perspectives: interaction and similarity (Liu et al., 2014b). The two analyses in

Fig. 6. The correlation between number of clusters and CH index.
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Sections 4.1 and 4.2 can also be viewed as exemplary studies from
these two perspectives: spatial interaction from gravity model, and
time series similarity from DTW algorithm; 3) Section 4.1 focuses
more on the absolute magnitude of inter-country connections (by exploring the frequency of co-occurrence in news, number of photos
uploaded, and travel ﬂows); however, Section 4.2 addresses the relative
patterns by normalizing the series and removing the effect of magnitude in assessing pattern similarity. Hence, the two sections complement each other by addressing both absolute and relative patterns of
inter-country connections.
From the spatial perspective, the ﬁtted β values conﬁrmed the varying magnitude of spatial decay effects in datasets with different characteristics. Social media data shows the weakest spatial decay effect and
air transportation shows the strongest. GDELT data demonstrates an intermediate spatial decay effect between Flickr and airline carrier data.
This is further conﬁrmed when investigating the “one-way” connection
strength in Table 2. In general, the 15 countries in Table 2 can be
grouped into three categories:
• Countries with high level national wealth or political power globally,
but not adjacent to or near China: This includes the countries with
top 20 Trade-Gross domestic product (GDP) ratio (2003− 2013) as
listed in the Central Intelligence Agency CIA World Factbook (United
States. Central Intelligence Agency, 2013.) Countries in this category
include United States, United Kingdom, France, Australia, Germany,
and Canada.
• Adjacent or nearby Asian countries (Countries that are not necessarily
powerful globally, but actively interacted with China from one or multiple perspectives, such as economics, politics, and military forces):
Countries in this category include Pakistan, India, North Korea,
Vietnam, Iran, and Philippines. Although based on Tobler's ﬁrst law
of geography, spatial adjacency may facilitate international interactions, not all countries adjacent to China can satisfy the criteria of
this category (e.g., Nepal, Laos, or Bhutan are not strongly connected
to China).
• Countries that combine the characteristics of above two categories
(both economically inﬂuential from the global level and adjacent to
or near China): Countries in this category include Japan, Russia, and
South Korea.
In economical geography, Trade-GDP ratio is often utilized as an
indicator of openness, which directly impacts the international relations between countries. The second category of countries (adjacent
or nearby countries) contribute to the spatial decay effect investigated in Section 4.1. Note that due to the limitation of datasets, the relative importance of countries (Pi, Pj) in gravity models is calculated
directly as the total occurrence of each country in GDELT. Researchers have investigated more ﬂexible ways of calculating the relative importance of each entity, such as the inverse gravity model (in
which Pi, Pj are estimated dynamically) (Liu et al., 2014b). One of the
follow-up studies of this research will cross-validate the gravity
models using other solutions (e.g., the inverse gravity models) and
test their robustness when more comprehensive data become
available.
The results of the clustering analysis in Section 4.2 identiﬁed interesting patterns in four clusters:
• In cluster 1, both the United Kingdom and the Philippines demonstrate a connection peak in 1990, which potentially resulted by several major events in Chinese diplomacy. In 1997, the United Kingdom
transferred the sovereignty over Hong Kong back to China, which is
considered a key event in the history of diplomatic relations for the
two countries. Between China and the Philippines, there were a series
of territorial disputes in the South China Sea in the 1990s. As shown in
Fig. 8, the average tone of the news records dropped during the midto-late 1990s.
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Fig. 7. Four clusters of connection strength. (a) Cluster 1; (b) Cluster 2; (c) Cluster 3; (d) Cluster 4.

Fig. 7a also demonstrated the capability of DTW in matching two
similar time series with potential displacement in the time dimension,
i.e., the peak time of the two series does not accurately align with
each other; however, the clustering analysis based on DTW distance
can still recognize similar patterns in this circumstance.
• In cluster 2, all countries indicate an increasing connection with China.
In 1979, the Chinese Government published the “Reform & Opening
up” policy, which not only resulted in an economy boom within the
country, but also stimulated a rapid growth in foreign trade and investment. This potentially explained the increasing patterns for certain countries in Fig. 7b, such as the enhanced trading environment
between China and several countries (e.g., South Korea, Australia,

Fig. 8. Yearly average tone between China and Philippines.

and Canada) over the past two decades. Note that the percentage
values in Fig. 7 are normalized, hence the increase indicate a higher
“share” of connection with China after eliminating the effect of magnitude. To further understand these patterns in cluster 2, we use
Australia as a case study. Fig. 9 represents the correlation between
GDELT data (normalized connection Iij in Eq. (1)) and trade data
(the ratio of exported value to Australia in total export value of
China in a 10-year time span) (International Trade Center,
2001–2015). As can be seen, the two data exhibits a linear correlation
with Pearson R2 = 0.9. This further supports our hypothesis that the
increasing connection between China and Australia may result from
the economy boom and “Reform & Opening up” policy in China. This
also provides an exemplary analysis for economists and economic

Fig. 9. Correlation between trade data and GDELT data (China vs Australia).
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geographers to extract informative bilateral relation change from
mass media data.

• Cluster 3 shows the group of countries which demonstrate a more
static connection strength such as the connection between the US
and China. Note that Pakistan indicates a rapid increase between
1979 and 1981. However, the pattern after 1981 is relatively stable;
hence it was grouped into cluster 3 instead of cluster 2. This is consistent with the facts that the economic co-operation between the two
countries began in 1979. Many studies have also addressed the continuing collaboration between China and Pakistan since 1980s
(Small, 2015).
• Cluster 4 can be considered as an outlier in all 15 countries, since
Vietnam is the only country showing a clear decreasing pattern in
this study. This can be veriﬁed from various international studies focusing on the complicated history between the two countries after
the Vietnam War, which is not the major focus of this study. Although
today China is still one of Vietnam's largest trading partners, and the
economic tie is becoming stronger between the two countries. From
China's perspective, the connection strength continues to drop with
a smaller and smaller percentage. Fig. 10 indicates that the average
tone between China and Vietnam also drops together with the connection strength.

As can be seen, this study is particularly useful for detecting outlier
patterns and crucial events in inter-country relations. Additionally, it
also reveals interesting patterns regarding “pair-up” patterns. For instance, North Korea and South Korea show a very similar connection
pattern with the lowest DTW distance in all country pairs, indicating a
possibility that these two countries may interact with each other regarding their connection strength with China.
Note that the top ﬁfteen countries selected in Section 4.2 are based
on an aggregated data from 1979 to 2013; however, there are ﬂuctuations in China's international relations during the past three decades.
Some countries fell out of the top 15 during certain years, and other
countries emerged as China's new partners. Fig. 11 illustrates the top 5
countries that are most connected to China during different time
spans. As can be seen, Vietnam dropped out after 1993, which is consistent with the pattern shown in Fig. 7d. On the other hand, the connection between China and South Korea becomes stronger after 1994.
This also ﬁts the timeline that the international relations between the
People's Republic of China and South Korea were formally established
on August 24, 1992 (Holley, 1992).

Fig. 10. Yearly average tone between Vietnam and China.

Fig. 11. Top 5 countries connected with China.

This research does not focus on tone analysis due to the concern of
the reliability of tone extraction algorithm in GDELT data. For instance,
China and Vietnam was in war in 1979, whereas the tone is scored the
highest in that year. This is potentially due to the bias introduced by
the applied tone algorithm and/or the sampling bias of the GDELT data
itself. Many studies in the machine learning ﬁeld have addressed the
needs to improve the accuracy of sentiment analysis and opinion mining (Cardie, 2014; Liu, 2012). One future direction is to cross-validate
the extracted tone values in GDELT with more advanced machine learning algorithms.
5. Conclusion
The development of World Wide Web (WWW) has introduced exciting changes in various research ﬁelds in the age of instant access. As
discussed in the Introduction, the motivation of this research is to explore the usage of mass media in analyzing international relations as a
data mining strategy for social sciences. Compared to social media,
these data naturally address signiﬁcant and aggregated events worldwide. They are also collected over a longer time span and are more appropriate for investigating long-term trends and patterns. The objective
of this research was to tackle a two-folded question - the feasibility of
applying mass media data to analyze inter-country connection with
large spatial and temporal scales. This paper employed the GDELT
dataset to examine the connection between China and foreign countries
based on time series modeling and clustering analysis. The contributions of this research include:
• The ﬁt β values for three types of datasets (mass media, social media
and air transportation) demonstrate that mass media data indicate a
stronger distance decay effect than social media (Flickr data) as well
as a weaker effect than international air transportation data. This is
potentially due to that physical movement has more spatial constrains
(more “costly”) than virtual information transfer.
• Although DTW has been widely applied in speech recognition and
signal processing, this method has rarely been utilized in the area of
international relations. The case studies demonstrated the effectiveness of the DTW distance in measuring the similarity of long-term
mass media data and identify outlier patterns. Four types of connection strength patterns were identiﬁed between China and its top 15
connected countries based on a clustering analysis.
• As shown in Section 4.3, the patterns extracted from GDELT can be
validated with secondary datasets, such as trade data and historical
event data. It captures ebbs and ﬂows of international relations from
various perspectives, such as economic, military, and political
(e.g., the return of Hong Kong). This study demonstrates the
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effectiveness of applying GDELT and data mining techniques to investigate informative patterns for interdisciplinary researchers. Although
this research does not aim to provide in-depth interpretation of the
causes and consequences of these inter-nation events from a political
perspective, it proposed a method to discover the patterns that can
provide insights in different research ﬁelds.
Potential future research directions include extending and validating
this method to other countries, regions, and machine-coded datasets to
test its robustness. GDELT provides a rich data source to analyze interregion relations at various spatial scales, such as investigating the connection between different provinces in China. Also, further research
may involve comparing social media and mass media in an effort to
characterize urban-level patterns. Future studies can also look into the
correlation between connection strength and various demographic variables such as population, economic status and the tone of each event
record.
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