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Abstract
Recent advances in multimedia and mobile technologies have facilitated large volumes of

travel photos to be created and shared online. Although previous studies have utilized geo-

tagged photos to model travel patterns at individual locations, there is limited research on

how these datasets can model international travel behavior and inter-country travel flows—

a crucial indicator to quantify the interactions between countries in tourism economics.

Realizing the necessity to investigate the potential of geotagged photos in tourism geogra-

phy, this research investigates international travel patterns from two perspectives: 1) We

apply a series of indicators (radius of gyration (ROG), number of countries visited, and

entropy) to measure the descriptive characteristics of international travel in different coun-

tries; 2) By constructing a gravity model of trade, we investigate how distance decay influ-

ences the magnitude of international travel flow between geographic entities, and whether

(or how much) the popularity of a given destination (defined as the percentage of tourist

income in national gross domestic product (GDP)) affects travel choices in different coun-

tries. The results provide valuable input to various commercial applications such as individ-

ual travel planning and destination suggestions.

1. Introduction
Recent studies have investigated the usage of big data to generalize, model, and predict human
mobility and travel behavior, including location-based social media (LBSM) [1, 2], mobile
phone tracking [3, 4], Global Positioning System (GPS) logs, or a combination of the above [5].
Among these new big data sources, the usage of LBSM in modeling travel behavior has grown
rapidly: these data are user-generated, geo-located, and contain varying types of contextual
information (text, videos, images, etc.), therefore can be potential resources to characterize
activities’ patterns in various temporal scales–from daily to yearly–and users’ social perceptions
of place [6].

Specifically, researchers have explored the potential of employing geotagged photos to ana-
lyze individual and aggregated travel behaviors [7–9]. Recent advances in multimedia and
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mobile technologies have facilitated large volumes of travel photos to be created and shared
online. Unlike traditional travel surveys or actively collected GPS logs (e.g., in human-partici-
pant experiments), these datasets often cover a large sample size and can easily be accessed
through crowd-sourcing toolkits [8]. Hence, geotagged photos often provide information or
solutions faster and in greater detail than traditional means for obtaining the spatio-temporal
footprint of travelers [10]. Although previous studies have investigated utilizing geotagged
photos to model travel patterns at individual locations (e.g., the study on Hong Kong tourists
in [8]), as well as predicting individual travel behavior and providing future destination recom-
mendations [11], there is limited research on how these datasets can model international travel
behaviors and inter-country travel flows—a crucial indicator to measure the interactions
between countries and model international capital flows in tourism economics [12].

Realizing the necessity to investigate the potential of geotagged photos in modeling inter-
country travel behavior, this research aims to investigate international traveling from two
perspectives: 1) we apply a series of indicators (radius of gyration (ROG), number of countries
visited, and entropy) to measure the descriptive characteristics of international traveling in dif-
ferent countries. These three indicators measure both the “morphology” (e.g., the scale) of trav-
eling and the internal structure of how travel interest distributes in different countries (e.g., do
users in the United States (U.S.) upload similar number of photos in each visited country, or is
the photo uploading activity less evenly distributed?); 2) the spatial decay effect has been a con-
tinuing topic in many research fields such as immigration, transportation, and international
tourist studies (e.g., the decay of interaction flows between locations) [13]. A thorough under-
standing of these behavior patterns is crucial for promoting the development of the tourism
industry and maintaining sustainable mobility. Hence, in this research, we also investigate how
distance decay influences the magnitude of international traveling between geographic entities,
and whether (or how much) the popularity of a certain destination (defined as the percentage
of tourist income in national gross domestic product (GDP) of a certain country) affects travel
choices in different countries. Among all potential models, we chose the gravity model of trade
due to its effectiveness in predicting the degree of interaction, simplicity of equation, and its
ability to deal with flows in both directions [14]. This study contributes to the field from the
following perspectives: First, empirically, we analyze three aspects of international travel pat-
tern (ROG, number of countries visited, and entropy), as well as how these patterns correlate
with the spatial distance and the socio-economic factors of a certain country. Although similar
studies have been conducted based on LBSM, such studies mainly focus on travel distances,
and there has not been sufficient study on how to explore various aspects of international travel
behaviors from user-generated geotagged photos. Second, methodologically, we demonstrate
the effectiveness of employing a variation of the gravity model of trade in international travel-
ing, where the travel behavior is bilateral.

This paper is organized as follows: Section 2 describes related studies in the areas of travel
behavior, LBSM, and the application of gravity models. Section 3 illustrates the fundamental
research design, including the Flickr dataset and the methodology. Section 4 presents the data
analyses and results, and discusses various aspects of the output in detail. We conclude this
research and present directions for future work in Section 5.

2. Related Studies

2.1. Location-Based Social Media, Human Mobility, and Tourism
Geography
The continued development of social networking sites (SNS) like Twitter, Facebook, and Flickr
provides ever-increasing opportunities to explore mobility patterns of individuals in diverse
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geographic environments, social statuses, and cultural backgrounds. Meanwhile, the wide-
spread use of smart phones, which are equipped with sensors that allow users to instantly locate
themselves, has brought another crucial aspect to this development: location. Researchers have
defined location-based social media as “Social Network Sites that include location information”
[2]. Despite potential issues such as low sampling resolution, previous studies have demon-
strated the effectiveness of LBSM data to analyze human movement and to construct more
powerful mobility models [5, 15]. For instance, Gao et al. [16] have investigated the role of
social correlation in users’ check-in behavior to improve the accuracy for location prediction.
Another study by Hasan et al. [17] analyzed the timing distribution of visiting different places
depending on activity category for individual users.

In addition to the analysis of individual activity patterns and space, LBSM data provides a
great opportunity to investigate how human beings’mobility is shaped by urban environments
and how the latter may be managed or designed to better suit the needs of the former. Previous
studies have also attempted to classify neighborhoods (such as the Livehoods project [18])
and/or extract activity anchor points (e.g., “home” and “work”) [19] from LBSM. A number of
studies used check-in data from Foursquare to analyze how the population’s spatio-temporal
activities are defined by or reflect the spatial structure of the particular cities they are in [18,
20].

On the other hand, the impact of LBSM on tourism geography has raised worldwide inter-
ests among scholars. Researchers define tourism geography as the study of travel and tourism,
which includes a wide range of social and cultural activities, such as the sociology and manage-
ment of tourism [21]. A series of studies have focused on the “location” component in SNS
(i.e., the usage of LBSM and its indication of travel behavior patterns at varying spatio-tempo-
ral scales). Previous studies have concentrated on individual-level trajectory analysis and loca-
tion prediction, such as identifying future travel destinations based on LSBM check-in data
[22, 23]. Other research, however, focused more on aggregated patterns (e.g., domestic or inter-
national travel flows) in specific tourist sites [8]. Traditionally, international travel flows are
often measured by an economic index (e.g., tourist income) or airline transportation data.
These data are often static, posted by authorities with a time-lag, and with limited information
to calculate movement indicators for each individual; therefore, they cannot fully reflect the
dynamic nature of international traveling in the current mobile society as massive datasets
from LBSM [24].

In 2014, Yahoo published the Flickr Creative Commons 100M dataset containing one hun-
dred million photos [25]. Since then, researchers in communication, computer science, geogra-
phy, and related fields have been utilizing this open dataset to analyze human behavior from
various perspectives. For example, researchers have tested several new image retrieval and
information searching algorithms based on this dataset [26, 27]. In the geographic information
science (GIS) field, a few studies have utilized this dataset to analyze individual mobility pat-
terns, such as identifying users’ points of interest (e.g., home locations) [28] or extracting spa-
tio-temporal keywords for moving objects [29]. However, aggregated-level mobility analysis
based on this dataset is still limited, especially at the international level. Sun et al. [7] analyzed
Flickr data to reveal the spatial distribution of tourist accommodation in one particular city
(Vienna) through different seasons. A recent work by Beiró et al. [30] proposed a hybrid model
to predict human mobility flows based on the classical gravity model, under a stacked regres-
sion procedure. However, their work focuses on comparing domestic travel flows in the U.S.
with airline transportation networks instead of modeling international travel flows. Barchiesi
et al. [31] analyzed the travel flows to the United Kingdom (U.K.). However, this study mainly
concentrated on validating the magnitude of travel flows with authority data for one country.
There has not been sufficient study to extract the tourism interactions between countries from
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geotagged photos at a global level, and this research aims to provide an empirical study from
this perspective.

2.2 Spatial Interaction and the Gravity Model of Trade
As discussed in Section 1, spatial interaction is a continuing topic in many research fields
including transportation (e.g., traffic flows between locations) and immigration (e.g., immi-
grant flows between countries) [13, 32, 33]. Researchers have employed different models to
investigate how distance decay may influence the magnitude of interactions between geo-
graphic 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 [13, 14]. 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 traditional gravity model is defined as:

Iij ¼ K
PiPj

Db
ij

ð1Þ

where Pi and Pj are the “conceptual sizes” (relative importance) of two countries i and j in a cer-
tain topic, Dij represents the distance between them, and Iij denotes the interaction/connection
between i and j. β (the distance friction coefficient) shows the degree of distance decay—larger
β indicates a higher degree of distance decay. K is a constant to adjust the magnitude of interac-
tion that does not affect the model fitting.

However, researchers have also noticed certain limitations of the traditional gravity model,
such as the inability to model bilateral and imbalance interactions between two geographic
entities. For example, in international economics, trade flows between countries I and J are
associated with the specific direction of export / import countries (i.e., Iij 6¼Iji), therefore the
interaction cannot be fully represented in the traditional gravity model. An extended model
can be written as:

Iij ¼ K
Pb1
i Pb2

j

Db3
ij

ð2Þ

where β1 and β2 shows how the “conceptual sizes” of two countries (often measured by their
GDP) contribute to the interaction term Iij [34]. For instance, it is possible that the GDP of
China plays a different role in the export of Chinese products to foreign countries and the
import of foreign products into China, which can result in different β1 and β2 values in Eq (2).
Besides international economics, the gravity model of trade is also widely adopted in studies
where a bilateral interaction may exist, such as migration and transportation [35, 36]. In this
research, we further apply this model to the field of tourism geography to analyze the imbal-
anced interaction of travel flows between countries. The basic hypothesis is that for travelers
from country A, both distance and the popularity of the destination can affect their choice of
travel destination (measured by the β values in Eq 2); however, the influence of these two fac-
tors may be bilateral (βA->B 6¼ βB->A), where βA->B stands for the magnitude of β values or resi-
dents in country A(B) traveling to country B(A). The detailed research design is discussed in
Section 3.
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3. Research Design

3.1. Dataset
This research utilizes a publicly available dataset “Creative Commons” published by Flickr in
2014 [37]. This dataset covers 100 million Flickr Images randomly sampled globally during the
years 2004–2014, of which approximately 20% are geotagged. The geographic information is
extracted from user contributed data, such as the built-in GPS module in smart phones. The
total number of unique users is 214,600. The dataset was further reduced by keeping only the
users who have uploaded more than 5 photos. We also extracted the residence country from
user profile via Flickr API. For users that do not provide their residence country, we use the
country where they uploaded the most pictures as a “primary residence country”. We further
selected the users who reside in the top 12 countries with the most photos uploaded (Fig 1).

Note that the user group of LBSM is not a randomly selected population. Each social media
platform has certain characteristics—things that it allows and makes easy versus things that are
difficult to accomplish [38]. This helps to shape behavior as well as the user group (e.g., race,
gender, age) on social media sites [39]. Based on a survey on TripAdvisor.com, travel activities
are closely connected with online photo sharing, where 55.6% of the survey participants were
engaged in posting/sharing photographs [40]. Since the main functionality of Flickr is photo
sharing, it better reflects tourist activities than a functionally less specialized SNS such as Twit-
ter. Compared to another geolocation-oriented photo sharing service Panoramio, Flickr has a
much larger user base and a faster updating rate. For instance, by November 12th 2015, Panora-
mio was reported to have 67,121,664 uploaded images, whereas in March 2013, Flickr already
had a total of 87 million registered members and more than 3.5 million new images uploaded
daily [41, 42].

Fig 1. Numbers of Users in Selected Countries.

doi:10.1371/journal.pone.0154885.g001
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3.2. Methodology
3.2.1. Data preprocessing and defining indicators. As an exploratory analysis, we first

calculate several descriptive statistics of the 12 selected countries. For each user we calculate
the total number of pictures uploaded, the number of countries where the user posted pictures,
the number of images uploaded in each visited country, and the user’s country of residence as
defined in Section 3.1. In the case where the resident country is not provided in the user’s pro-
file, we estimated the residence based on where the most number of photos were uploaded. To
verify this method, we also conducted a random sampling of 10,000 users who publicly
revealed their resident country, which demonstrates that more than 85% of users upload the
most photos in their resident country.

In human activity analysis, researchers have applied several approximations and measure-
ments to depict the basic morphology (e.g., size, shape, etc.) of individual activity space. In
addition, previous studies also emphasized the reasons why activity space forms (i.e., the inter-
nal structure of activity space). Here we adopt a similar framework for international travel
[43]. A series of indicators are defined to depict the travel characteristics of Flickr users.

• Radius of Gyration (ROG)–This is defined as an indicator to show the scale of travel. We
adopt the equation in González, Hidalgo, and Barabási [44].

rg ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n

Xn

i¼1

ðri � rcmÞ2
s

ð3Þ

where ri are the i = 1, . . ., n positions recorded for a given user, and rcm is the mass center of its
trajectory. We also eliminated the users whose ROG equals zero, as these users uploaded all
pictures from the same geographic coordinates.

• Number of countries visited–This is a common indicator applied in multiple studies to dem-
onstrate the activeness of a traveler [45–47].

• Entropy of pictures uploaded at different countries (except for the identified resident country
described earlier in this section). This is an indicator to show how evenly their travel interest
is distributed, defined as:

E ¼ �
XN
i¼1

pi log2pi ð4Þ

where pi is the percentage of photos uploaded in country i for a given user and N stands for the
total number of distinct countries visited by a given user (except for the resident country). In
mobility studies, entropy usually characterizes the heterogeneity of visitation patterns. For
instance, a user who takes more than 50 photos in every country (e.g., an avid traveler or pho-
tographer) is more likely to have an equal level of interest in each destination compared to
someone who shows a more focused preference (e.g., uploaded more than 200 photos to a cer-
tain country (e.g., Italy), but less than 10 photos in any other places he/she visited). These three
indicators provide valuable input to understand the generic patterns of international travel
behavior in the Flickr dataset.

3.2.2. Fitting the gravity model of trade. As illustrated in Section 2.2, this research
employs the gravity model of trade to quantify the interaction between countries based on
international traveling. The objective is to identify how outgoing travel flows correlate with the
magnitude of “tourism popularity” (defined as the percentage of tourist income in the total
GDP of a given country), as well as how this interaction correlates with the distance between
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the origination and destination countries. Our hypothesis is that the residents of each country
may express varying preferences towards “famous tourist sites” and “nearby tourist sites”. In
this research we focus on the outgoing flows of each country (i.e., to answer questions like
“where do people resident in country A travel to?”), so Pi, β1 in Eq 2 can be viewed as constant
and the model is further modified as:

Iij ¼ K
Pb2
j

Db1
ij

ð5Þ

where Pj is the “conceptual size” (relative importance, defined as the percentage of tourism
income in the total GDP) of the destination country j, Dij represents the distance between
countries i,j, and Iij denotes the magnitude of interaction between i and j, defined as the per-
centage of users from country i who have visited country j among all users from country i. K is
the same constant as in Eq (1). Coefficient β1 investigates the potential impact of the distance
decay effect. As illustrated in previous studies in human mobility, transportation, and regional-
ization [44, 48], a higher β1 value indicates a stronger distance decay effect. Coefficient β2 indi-
cates how the popularity of the tourism industry in the destination country influences the
interaction (e.g., do residents in country i prefer to visit closer countries or more popular travel
destinations regardless of distance)? Based on the above definitions, we calculate the best fit of
coefficient β1 and β2 based on a Poisson regression model [49].

The exploratory analysis and the gravity model fitting aim to analyze the international trav-
eling patterns of Flickr users from two differential perspectives: the former focuses on the mor-
phology and magnitude of user activity space in each individual country, whereas the latter
focuses on inter-country interactions from a more integral perspective. As argued by Liu et al.
[50], the relatedness of two geographic entities can be explored from two perspectives: similar-
ity and connection/interaction. The two analyses in Sections 3.2.1 and 3.2.2 can also be viewed
as exemplary studies from these two perspectives. The detailed analyses and model fitting
results are illustrated in Section 4.1.

4. Analysis, Results, and Discussion

4.1. Exploratory Analysis
Table 1 shows the summary statistics of the selected top 12 countries with the most users in the
dataset. The three indicators (ROG, # of countries visited, and entropy) for each country are
averaged among all residents with more than five photos uploaded in the sample set. As can be
seen, the three indicators exhibit distinct patterns among countries.

• ROG: Countries with a larger ROG mainly locate in Asia (e.g., China and Japan) and Austra-
lia, indicating that residents in these countries tend to visit faraway destinations (including
both domestic and international travel). Potential reasons include the size of the home coun-
try and residents’ general interests for certain travel destinations at the societal level (e.g.,
European countries are popular vacation destinations for Chinese middle class families [51]),
and the lack of international tourism resources from adjacent countries (e.g., Australia is geo-
graphically isolated). On the other hand, European countries averagely have a ROG of less
than 1000 kilometers, and this is potentially due to the availability of rich tourism resources
from nearby countries.

• Number of Countries visited: This indicator is relatively stable for the 12 selected countries,
with the majority ranging from 3–4. In general European residents visit more countries than
North American residents (average 3.7 vs. 2.9). The lowest value appears in the only
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Southern American country (Brazil) in the sample set, with 2.5 countries visited. This can be
considered a general indicator to measure people’s interest in visiting foreign countries
(regardless of the distance between countries or preference of specific destinations); however,
it cannot reflect the internal structure of visiting patterns.

• Entropy: The entropy values also exhibit different patterns among the 12 countries. For
instance, Netherlands and Italy have the highest entropy values (1.02 and 0.91 respectively),
indicating that the photo uploading from residents in these two countries are more evenly
distributed when they travel to a foreign country, whereas the U.S. and Canada indicate a
more imbalanced distribution, indicating that the travel interests of these two countries are
more focused. Fig 2 shows the visiting patterns for the U.S. as examples. As can be seen, U.S.
residents show a strong preference for the top two destinations (Canada and the UK).

Moreover, the size of a country may have a substantial impact on the travel behavior of its
residents, for example, residents of a large country may have many domestic destinations to
choose from (and therefore require fewer trips abroad). To further explore these patterns, we
also calculated the Pearson correlation coefficient between the size of a country and each of the
three indicators, as well as the correlation coefficient between each pair of the three indicators
(ROG, the number of countries visited, and entropy). As can be seen from Table 2, the number
of countries visited is highly correlated with the entropy value. This is conceptually related to
the findings in a recent work on Twitter user analysis [52], where the authors identified that
tweets tend to distribute more uniformly in cells for larger cities. In this study we found that a
larger number of countries visited can be expected to be associated with a more balanced distri-
bution of countries visited and therefore a larger entropy. Future research may choose one of
the two indicators to demonstrate the “variety” of international traveling. On the other hand,
the size of home countries is positively correlated with ROG, but negatively correlated with the
number of countries visited or the entropy value (all with significance level p<0.1), indicating
that users living in larger countries travel longer to reach their destinations. However, their
“variety” of international destinations may be lower due to the fact that larger home countries
may offer more domestic tourist resources.

As discussed in Section 2.1, another benefit of applying LBSM data in travel analysis is that
these data can easily be collected over years, and therefore they are able to reflect the dynamic
nature of international traveling. Fig 3 shows the yearly travel patterns for U.S. users. As can be

Table 1. Basic Statistics of the 12 Selected Countries.

Country # of Users # of Photos ROG (km) # of Countries visited Entropy Size of Country (km2)

United States 35653 17722190 1273.992 2.746164 0.529724 9147420

United Kingdom 11899 5638358 929.96 3.809144 0.816171 241930

Spain 7395 2265700 709.2933 3.496416 0.79686 500010

Germany 6030 1729482 729.2576 3.492869 0.756285 348570

Italy 5610 1338208 764.2031 3.7041 0.913752 294140

France 5433 1772792 925.6718 3.563961 0.852483 547557

Canada 4558 1790124 1210.952 3.076349 0.697772 9093510

Australia 2963 1100660 2442.972 3.289234 0.722354 7682300

Brazil 2673 70705 1056.817 2.567901 0.537113 8358140

Japan 2473 1319210 1782.103 3.166599 0.733971 364550

Netherlands 2094 936167 837.9643 4.596466 1.023232 33730

China 1660 609529 1996 3.624096 0.810386 9388211

doi:10.1371/journal.pone.0154885.t001
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seen, all three indicators kept increasing from 2005 to 2013. There are several potential reasons
that may lead to this pattern. First, it is possible that users are more active on Flickr every year,
so the ascending indicators may simply be a result of more sample points; however, as shown
in Fig 3D, the number of users started to drop since 2010. Therefore, the upward tendency of
indicators partially reflects that U.S. users have a larger activity space and are increasingly
involved in international travel in the past few years.

Fig 2. Percentage of U.S. Users Visiting Each Country.

doi:10.1371/journal.pone.0154885.g002

Table 2. Correlation coefficients and p values.

ROG (km) # of Country visited Entropy Size of Country (km2)

ROG (km) 1 0.260(p = 0.41) -0.263(p = 0.40) 0.560(p = 0.058)

# of Country visited - 1 0.955(p<0.01) -0.617(p = 0.032)

Entropy - - 1 -0.669(p = 0.017)

Size of Country (km2) - - - 1

doi:10.1371/journal.pone.0154885.t002
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4.2. Gravity Model Fitting
As discussed in Section 3, the three defined indicators depict descriptive statistics of travel pat-
terns in each country. However, they fail to address the magnitude of interaction between
countries (i.e., travel flow), as well as how the interaction relates to various factors such as the
distance. To quantify such interaction, we construct gravity models for each of the 12 countries.
These models aim to answer two questions: 1) How does distance decay play a role in interna-
tional traveling?, and 2) how does the prosperity of tourism markets in a destination country
affect people’s travel decisions (i.e., do people in different countries tend to travel to “nearby
places” or “popular places”)? Table 3 and Fig 4 present the model fitting results (p<0.05 for the

Fig 3. Yearly change of indicators for U.S. users. (a) ROG; (b) number of countries visited; (c) entropy; (d) number of users.

doi:10.1371/journal.pone.0154885.g003
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Table 3. Parameters of Gravity Model Fitting.

Country β1 β2 Goodness of Fit

United States 0.888907 0.852754 0.696901

United Kingdom 0.282591 0.723032 0.888197

Spain 0.663266 0.725101 0.836836

Germany 0.299241 0.520118 0.702163

Italy 0.537103 0.820647 0.865106

France 0.278054 0.557594 0.823368

Canada 1.146631 0.494434 0.937137

Australia 0.029144 0.927834 0.838571

Brazil 1.049459 0.429203 0.721705

Japan 0.260822 0.877435 0.868886

Netherlands 0.574255 0.751652 0.83742

China 0.857574 0.791574 0.792836

doi:10.1371/journal.pone.0154885.t003

Fig 4. Fitted β1 and β2 Values.

doi:10.1371/journal.pone.0154885.g004
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fitted β1 and β2 values). As an exploratory analysis, we added the population of each destina-
tion country as an explanatory variable; however, the population variable is tested
insignificant.

As can be seen, the 12 selected countries exhibit distinct patterns regarding the fitted β val-
ues. Descriptively, we can observe the following four patterns (note that here small and large β
values are defined as a value lower/higher than the median of the selected sample set):

• Countries with a small β1 value but a large β2 value–international travel destinations are
more influenced by the popularity of destination instead of the distance from the origin. One
example is Australia, which is more “geographically isolated” from the other continents and
naturally the residents may need to travel far away to reach a foreign destination. This “geo-
graphical isolation” results in long international travels (the top two countries Australians
travel to are the U.S. and the U.K., whereas a much closer destination, New Zealand, only
comes in third place).

• Countries with a large β1 value and a large β2 value–international travel destinations are
influenced by both the popularity of the destination and the distance from the origin. One
example is the U.S., where residents show mixed interest in both adjacent destinations (e.g.,
Canada) and popular but faraway destinations, such as the U.K. (Fig 2).

• Countries with a large β1 value but a small β2 value–international travel destinations are
mainly influenced by the distance between the origin and the destination countries. One
example is Canada, where over 25% of the travel destinations from Flickr users are to the
U.S.

• Countries with a small β1 value and a small β2 value–international travel destinations are not
substantially influenced by the popularity of the destination or distance. One example is Ger-
many, where destination choices are more evenly distributed and do not exhibit clear pat-
terns (Fig 5).

Compared to a similar work by Hawelka et al. [24], the gravity models in this research are
fitted for each country, and we identified four categories of countries based on the fitted β val-
ues (countries with a large β1 value but a small β2 value, countries with a large β1 value and a
large β2 value, countries with a small β1 value but a large β2 value, and countries with a small β1
value and a small β2 value), whereas in [24], the authors fit one gravity model for all countries
at the global level. Compared to a unified conclusion that “people tend to travel to close-by des-
tinations,” our work reveals a categorical pattern for different countries.

Fig 4 also indicates interesting regional patterns regarding international traveling for coun-
tries. For instance, the five European countries (Germany, Netherlands, Spain, Italy, and
France) locate close to the diagonal line, indicating that both β1 and β2 play an equal role in
determining the travel destinations in those countries. One exception is the U.K., where the
distance plays a weaker role than the popularity of the destination countries. This is potentially
due to the relatively “isolated” geographic location of the U.K. compared to the other European
countries in this study. Another interesting finding is regarding countries with similar cultural
backgrounds. For instance, both China and Japan are East Asian countries and share a consid-
erable cultural history. For instance, both are considered high-context cultures, in which con-
text plays a crucial role in communicating complex messages effectively [53, 54]. However, the
users in these two countries exhibit very different patterns in the choice of travel destinations.
Even though both countries show large ROG values, for Japanese users the impact of distance
on international traveling is even weaker, instead, they prefer to go to popular travel
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destinations regardless of distance (i.e., the top two destinations are the U.S. and the U.K.). A
noticeable difference also exists for U.S. and Canadian users, where distance plays a more
important role for Canadian users than the attraction of the destinations. However, both β1
and β2 play an equally important role for U.S. users.

4.3. Discussion of Uncertainty
It is also important to highlight the different aspects of uncertainty related to human activity
studies in this research. These issues arise in our data mining process in different ways [3, 55],
including but not limited to:

• Natural variability of human mobility: Although human activities seem to be highly predict-
able [4, 44], randomness is an inevitable part of human motion.

• Inaccuracy/imprecision due to the limitation of available data: Positional inaccuracy, sam-
pling resolution, and imprecision all contribute to the uncertainty of our data source. First,
the accuracy of positioning data often depends on the GPS signal level in the study area.

Fig 5. Visiting Patterns (Germany).

doi:10.1371/journal.pone.0154885.g005
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Second, the location records in the dataset cannot represent the accurate travel trajectories of
each user, since the locations are recorded only when a geotagged photo is uploaded. Third,
the precision of spatial information varies for different datasets, e.g., a record such as
“126.51551E, 45.15153N” is more precise than “126.52E, 45.15N.”

Additionally, to investigate the sampling bias of Flickr, we also calculate the correlation
coefficient between the number of Flickr users and the official travel statistics published by the
World Bank (i.e., number of international travelers departing from each country) in the top 12
countries (Germany is excluded because the data is not provided by the World Bank). From
the data we can observe a substantial discrepancy between the amount of Chinese users on
Flickr and the actual number of international travelers departing from China (Fig 6). This is
potentially due to the fact that Flickr is mainly used in North America and Europe, and it is not
particularly popular among Chinese users. For the remaining ten countries, the correlation
between the number of tourist departures and the number of users on Flickr is 0.78. This on
the one hand helps justify the choice of using Flickr to explore international traveling, and on

Fig 6. Correlation between the number of Flickr users and official travel statistics.

doi:10.1371/journal.pone.0154885.g006
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the other hand, it reveals the sampling bias and potential insufficiency of LBSM for certain geo-
graphic regions such as China.

• Imperfection of models and algorithms: As Box and Draper [56] (pp.424) stated: “Essentially,
all models are wrong, but some are useful.” In this research, a variation of the gravity model
of trade is adopted to interpret the interaction of travel behavior, due to the fact that it is a
flexible model to reflect directional interaction of international travel flow. However, other
models may be applicable, such as Ullman's spatial interaction model [57]. The application
of different models will inevitably have an impact on the uncertainty of the results. In future
studies it will be helpful to validate the results with other data sources to test their robustness.

5. Conclusion
The relationship between LBSM data and human activity patterns has been widely studied in vari-
ous fields such as transportation, computer science, urban planning, and computational physics.
Such data, as an input to the analysis of human mobility, has the potential to transform research
in diverse fields, such as geography, transportation, planning, and economics. This research
explored international travel patterns of Flickr users. The major contributions of this research are:

1. We applied three measurements to explore descriptive statistics of travel flows between
countries. The results indicate that travel distance (ROG) is highly influenced by how geo-
graphically “isolated” a country is as well as the size of the home country, and the number of
countries visited exhibit a relatively stable pattern, i.e., the average number of countries vis-
ited is between 3–4 in the majority of the 12 selected countries. The entropy values indicate
that the travel interests of European residents are more evenly spread based on the number
of photos uploaded at each destination.

2. We explored the potential of applying a variation of the gravity model of trade to analyze
outgoing travel flow in different countries. Four types of patterns were observed based on
how the popularity of a destination country and the distance between the destination and ori-
gin countries affect travel choices. We also observed interesting patterns of distinct travel
choices among countries with similar cultural backgrounds.

The results of this research provide valuable input in quantifying international travel pat-
terns in the age of instant access. Analyzing the travel behavior of LBSM users offers quantita-
tive support to many commercial applications, such as individualized searching and
advertising, tourism sustainable planning, or hotspot identification. This research can be
extended from several perspectives. The methods and models can be applied to other LBSM
datasets (e.g., Twitter or Foursquare) to test their robustness. Geotagged photos also provide a
rich data source to analyze inter-region travel flows at various spatial scales, such as investigat-
ing the connection between different provinces in China. Also, further research may involve
comparing social media and traditional survey data in an effort to characterize urban-level pat-
terns. Future studies can also look into the correlation between inter-region interactions and
various demographic variables (i.e., how the socio-economics of the built environment may
play a role in such interaction). The three measurements can also be incorporated into predic-
tive models for individual travel planning and destination suggestions.

Acknowledgments
We thank Yahoo Labs for providing the Creative Commons dataset. Lei Zhang helped improv-
ing the grammar and style of this paper. The reviewers provided excellent feedback, which
helped us improve the content and clarity of this study.

International Travel Behavior and Geotagged Photos

PLOS ONE | DOI:10.1371/journal.pone.0154885 May 9, 2016 15 / 18



Author Contributions
Conceived and designed the experiments: YY. Performed the experiments: YY. Analyzed the
data: YY MM. Wrote the paper: YY MM.

References
1. Wu L, Zhi Y, Sui ZW, Liu Y. Intra-Urban Human Mobility and Activity Transition: Evidence from Social

Media Check-In Data. Plos One. 2014; 9(5):e97010. doi: ARTN e97010 doi: 10.1371/journal.pone.
0097010 PMID: WOS:000336369200050.

2. Roick O, Heuser S. Location Based Social Networks—Definition, Current State of the Art and Research
Agenda. Transactions in GIS. 2013:763–84.

3. Yuan Y, Raubal M, Liu Y. Correlating mobile phone usage and travel behavior—a case study of Harbin,
China. Computers, Environment and Urban Systems. 2012; 36(2):118–30.

4. Song CM, Qu ZH, BlummN, Barabasi AL. Limits of predictability in human mobility. Science. 2010; 327
(5968):1018–21. doi: 10.1126/science.1177170 PMID: ISI:000274625800046.

5. Cho E, Myers SA, Leskovec J. Friendship and mobility: user movement in location-based social net-
works. Proceedings of the 17th ACM SIGKDD international conference on Knowledge discovery and
data mining; San Diego, California, USA. 2020579: ACM; 2011. p. 1082–90.

6. Malleson N, Birkin M. New Insights into Individual Activity Spaces using Crowd-Sourced Big Data. ASE
BIGDATA/SOCIALCOM/CYBERSECURITY Conference; May 27–31, 2014; Stanford, CA2014.

7. Sun Y, Helbich M, Fan H, Zipf A. Analyzing human activities through volunteered geographic informa-
tion: Using Flickr to analyze spatial and temporal pattern of tourist accomodation. the Ninth Symposium
on Location Based Services; Munich, Germany2012.

8. Vu HQ, Li G, Law R, Ye BHB. Exploring the travel behaviors of inbound tourists to Hong Kong using
geotagged photos. TourismManage. 2015; 46:222–32. doi: 10.1016/j.tourman.2014.07.003 PMID:
WOS:000344208600024.

9. Girardin F, Dal Fiore F, Blat J, Ratti C. Understanding of Tourist Dynamics from Explicitly Disclosed
Location Information. the 4th International Symposium on LBS and Telecartography; Hong-Kong,
China2007.

10. Barbier G, Zafarani R, Gao H, Fung G, Liu H. Maximizing benefits from crowdsourced data. Comput
Math Organ Th. 2012; 18(3):257–79. doi: 10.1007/s10588-012-9121-2

11. Clements M, Serdyukov P, Vries APd, Reinders MJT. Using flickr geotags to predict user travel behav-
iour. Proceedings of the 33rd international ACM SIGIR conference on Research and development in
information retrieval; Geneva, Switzerland. 1835648: ACM; 2010. p. 851–2.

12. Tisdell C. Overview of Tourism Economics. Handbook of Tourism Economics: Analysis, New Applica-
tions and Case Studies. 2013:3–30. Book_Doi doi: 10.1142/7956 PMID: WOS:000339674500002.

13. Rodrigue J-P, Comtois C, Slack B. The geography of transport systems. Third edition. ed. Abingdon,
Oxon: Routledge; 2013. 416 p.

14. Hardy D, Frew J, Goodchild MF. Volunteered geographic information production as a spatial process.
Int J Geogr Inf Sci. 2012; 26(7):1191–212. doi: 10.1080/13658816.2011.629618 PMID:
WOS:000306525900003.

15. Musolesi M, Hailes S, Mascolo C. An ad hoc mobility model founded on social network theory. Proceed-
ings of the 7th ACM international symposium on Modeling, analysis and simulation of wireless and
mobile systems; Venice, Italy. 1023669: ACM; 2004. p. 20–4.

16. Gao H, Tang J, Liu H. Exploring Social-Historical Ties on Location-Based Social Networks. 6th Interna-
tional AAAI Conference onWeblogs and Social Media; Dublin, Ireland2012. p. 114–21.

17. Hasan S, Zhan X, Ukkusuri SV. Understanding urban human activity and mobility patterns using large-
scale location-based data from online social media. Proceedings of the 2nd ACM SIGKDD International
Workshop on Urban Computing; Chicago, Illinois. 2505823: ACM; 2013. p. 1–8.

18. Cranshaw J, Schwarts R, Hong J, Sadeh N. The Livehoods Project: Utilizing social media to under-
stand the dynamics of a city. the Sixth International AAAI Conference oonWebpages and Social
Media; Dublin, Ireland2012.

19. Qu Y, Zhang J. Regularly visited patches in humanmobility. Proceedings of the SIGCHI Conference on
Human Factors in Computing Systems; Paris, France. 2470711: ACM; 2013. p. 395–8.

20. Bawa-Cavia A. Sesning the urban: Using location-based social network data in urban analysis. the
First Workshop on Pervasive Urban Applications (PURBA); San Francisco, CA2011.

International Travel Behavior and Geotagged Photos

PLOS ONE | DOI:10.1371/journal.pone.0154885 May 9, 2016 16 / 18

http://dx.doi.org/10.1371/journal.pone.0097010
http://dx.doi.org/10.1371/journal.pone.0097010
http://www.ncbi.nlm.nih.gov/pubmed/WOS:000336369200050
http://dx.doi.org/10.1126/science.1177170
http://www.ncbi.nlm.nih.gov/pubmed/ISI:000274625800046
http://dx.doi.org/10.1016/j.tourman.2014.07.003
http://www.ncbi.nlm.nih.gov/pubmed/WOS:000344208600024
http://dx.doi.org/10.1007/s10588-012-9121-2
http://dx.doi.org/10.1142/7956
http://www.ncbi.nlm.nih.gov/pubmed/WOS:000339674500002
http://dx.doi.org/10.1080/13658816.2011.629618
http://www.ncbi.nlm.nih.gov/pubmed/WOS:000306525900003


21. Wilson J. The Routledge handbook of tourism geographies. Abingdon, Oxon; N.Y.: Routledge; 2012.
324 p.

22. Memon I, Chen L, Majid A, Lv MQ, Hussain I, Chen GC. Travel Recommendation Using Geo-tagged
Photos in Social Media for Tourist. Wireless Pers Commun. 2015; 80(4):1347–62. doi: 10.1007/
s11277-014-2082-7 PMID: WOS:000349958400001.

23. Majid A, Chen L, Chen GC, Mirza HT, Hussain I, Woodward J. A context-aware personalized travel rec-
ommendation system based on geotagged social media data mining. Int J Geogr Inf Sci. 2013; 27
(4):662–84. doi: 10.1080/13658816.2012.696649 PMID: WOS:000317833100002.

24. Hawelka B, Sitko I, Beinat E, Sobolevsky S, Kazakopoulos P, Ratti C. Geo-located Twitter as proxy for
global mobility patterns. Cartography and Geographic Information Science. 2014; 41(3):260–71. doi:
10.1080/15230406.2014.890072 PMID: 27019645

25. Thomee B, Shamma DA, Friedland G, Elizalde B, Ni K, Poland D, et al. The New Data and New Chal-
lenges in Multimedia Research. 2015.

26. Kalkowski S, Schulze C, Dengel A, Borth D. Real-time Analysis and Visualization of the YFCC100m
Dataset. Proceedings of the 2015Workshop on Community-Organized Multimodal Mining: Opportuni-
ties for Novel Solutions; Brisbane, Australia. 2814820: ACM; 2015. p. 25–30.

27. Johnson J, Krishna R, Stark M, Li-Jia L, Shamma DA, Bernstein MS, et al. Image retrieval using scene
graphs. Computer Vision and Pattern Recognition (CVPR), 2015 IEEE Conference on; 7–12 June
20152015. p. 3668–78.

28. Bojic I, Massaro E, Belyi A, Sobolevsky S, Ratti C. Choosing the Right Home Location Definition
Method for the Given Dataset. In: Liu T-Y, Scollon NC, ZhuW, editors. Social Informatics: 7th Interna-
tional Conference, SocInfo 2015, Beijing, China, December 9–12, 2015, Proceedings. Cham: Springer
International Publishing; 2015. p. 194–208.

29. Mehta P, Skoutas D, Agn, #232, Voisard s. Spatio-temporal keyword queries for moving objects. Pro-
ceedings of the 23rd SIGSPATIAL International Conference on Advances in Geographic Information
Systems; Bellevue, Washington. 2820845: ACM; 2015. p. 1–4.

30. Beiró MG, Panisson A, Tizzoni M, Cattuto C. Predicting humanmobility through the assimilation of
social media traces into mobility models. 2016.

31. Barchiesi D, Moat HS, Alis C, Bishop S, Preis T. Quantifying International Travel Flows Using Flickr.
Plos One. 2015; 10(7):e0128470. doi: 10.1371/journal.pone.0128470 PMID: 26147500

32. Lewer JJ, Van den Berg H. A gravity model of immigration. Econ Lett. 2008; 99(1):164–7. doi: 10.1016/
j.econlet.2007.06.019 PMID: WOS:000255604400041.

33. Yuan Y, Liu Y. Exploring inter-country connection in mass media: a case study of China. International
Conference on Location-based Social Media; Athens, Georgia2015.

34. Vanek J. Shaping theWorld-Economy—a Review Article. Rev Econ Stat. 1964; 46(1):99–101. doi: 10.
2307/1924081 PMID: WOS:A1964CGB7500010.

35. Tranos E, Gheasi M, Nijkamp P. International migration: a global complex network. Environ Plann B.
2015; 42(1):4–22. doi: 10.1068/b39042 PMID: WOS:000352382900002.

36. Vega HL. Air Cargo Services and the Export Flows of Developing Countries. Adv Airline Econ. 2014;
4:199–234. doi: 10.1108/S2212-160920140000004007 PMID: WOS:000358060400008.

37. Yahoo Labs. One Hundred Million Creative Commons Flickr Images for Research 2014. Available
from: http://yahoolabs.tumblr.com/post/89783581601/one-hundred-million-creative-commons-flickr-
images.

38. Golub B, Jackson MO. Naive Learning in Social Networks and theWisdom of Crowds. Am Econ J-
Microecon. 2010; 2(1):112–49. doi: 10.1257/mic.2.1.112 PMID: WOS:000285178900007.

39. Tufekci Z. Big Questions for Social Media Big Data: Representativeness, Validity and Other Methodo-
logical Pitfalls. ICWSM ‘14: Proceedings of the 8th International AAAI Conference onWeblogs and
Social Media2014.

40. TripAdvisor.com. TripAdvisor Fact Sheet 2007. Available from: http://www.tripadvisor.com/
PressCenter-e4-Fact_Sheet.html.

41. Wikipedia. Flickr. Available from: https://en.wikipedia.org/wiki/Flickr.

42. Wikipedia. Panoramio. Available from: https://en.wikipedia.org/wiki/Panoramio.

43. Golledge RG, Stimson RJ. Spatial Behavior: A Geographic Perspective. New York: Guilford Press;
1997.

44. Gonzalez MC, Hidalgo CA, Barabasi AL. Understanding individual human mobility patterns. Nature.
2008; 453(7196):779–82. doi: 10.1038/Nature06958 PMID: ISI:000256415300043.

45. Ryan C. Global Tourist Behavior—Ulysal,M. TourismManage. 1995; 16(4):327–8. doi: 10.1016/0261-
5177(95)90001-2 PMID: WOS:A1995RD25300013.

International Travel Behavior and Geotagged Photos

PLOS ONE | DOI:10.1371/journal.pone.0154885 May 9, 2016 17 / 18

http://dx.doi.org/10.1007/s11277-014-2082-7
http://dx.doi.org/10.1007/s11277-014-2082-7
http://www.ncbi.nlm.nih.gov/pubmed/WOS:000349958400001
http://dx.doi.org/10.1080/13658816.2012.696649
http://www.ncbi.nlm.nih.gov/pubmed/WOS:000317833100002
http://dx.doi.org/10.1080/15230406.2014.890072
http://www.ncbi.nlm.nih.gov/pubmed/27019645
http://dx.doi.org/10.1371/journal.pone.0128470
http://www.ncbi.nlm.nih.gov/pubmed/26147500
http://dx.doi.org/10.1016/j.econlet.2007.06.019
http://dx.doi.org/10.1016/j.econlet.2007.06.019
http://www.ncbi.nlm.nih.gov/pubmed/WOS:000255604400041
http://dx.doi.org/10.2307/1924081
http://dx.doi.org/10.2307/1924081
http://www.ncbi.nlm.nih.gov/pubmed/WOS:A1964CGB7500010
http://dx.doi.org/10.1068/b39042
http://www.ncbi.nlm.nih.gov/pubmed/WOS:000352382900002
http://dx.doi.org/10.1108/S2212-160920140000004007
http://www.ncbi.nlm.nih.gov/pubmed/WOS:000358060400008
http://yahoolabs.tumblr.com/post/89783581601/one-hundred-million-creative-commons-flickr-images
http://yahoolabs.tumblr.com/post/89783581601/one-hundred-million-creative-commons-flickr-images
http://dx.doi.org/10.1257/mic.2.1.112
http://www.ncbi.nlm.nih.gov/pubmed/WOS:000285178900007
http://TripAdvisor.com
http://www.tripadvisor.com/PressCenter-e4-Fact_Sheet.html
http://www.tripadvisor.com/PressCenter-e4-Fact_Sheet.html
https://en.wikipedia.org/wiki/Flickr
https://en.wikipedia.org/wiki/Panoramio
http://dx.doi.org/10.1038/Nature06958
http://www.ncbi.nlm.nih.gov/pubmed/ISI:000256415300043
http://dx.doi.org/10.1016/0261-5177(95)90001-2
http://dx.doi.org/10.1016/0261-5177(95)90001-2
http://www.ncbi.nlm.nih.gov/pubmed/WOS:A1995RD25300013


46. Da Rugna J, Chareyron G, Branchet B. Tourist behavior analysis through geotagged photographies: a
method to identify the country of origin. 13th Ieee International Symposium on Computational Intelli-
gence and Informatics (Cinti 2012). 2012:347–51. WOS:000319991600059.

47. Oppermann M. Geography and tourismmarketing. New York: Haworth Press; 1997. 186 p.

48. Liu Y, Wang FH, Kang CG, Gao Y, Lu YM. Analyzing Relatedness by Toponym Co-Occurrences on
Web Pages. Transactions in GIS. 2014; 18(1):89–107. doi: 10.1111/Tgis.12023 PMID:
WOS:000329499900005.

49. Chun Y, Griffith DA. Modeling Network Autocorrelation in Space–Time Migration Flow Data: An Eigen-
vector Spatial Filtering Approach. Ann Assoc AmGeogr. 2011; 101(3):523–36. doi: 10.1080/00045608.
2011.561070

50. Liu Y, Liu X, Gao S, Gong L, Kang C, Zhi Y, et al. Social Sensing: A New Approach to Understanding
Our Socioeconomic Environments. Ann Assoc AmGeogr. 2015; 105(3):512–30. doi: 10.1080/
00045608.2015.1018773

51. Sparks BA, Pan GW. Chinese Outbound tourists: Understanding their attitudes, constraints and use of
information sources. TourismManage. 2009; 30(4):483–94.

52. Lenormand M, Goncalves B, Tugores A, Ramasco JJ. Human diffusion and city influence.
arXiv:150107788v12015.

53. Hall ET. Beyond culture. 1st ed. Garden City, N.Y.: Anchor Press; 1976. 256 p.

54. Guffey ME. Essentials of business communication. 4th ed. Cincinnati, Ohio: South-Western College
Pub.; 1997. 428 p.

55. Xia Y. Integrating uncertainty in data mining [Doctoral Dissertation]. Los Angeles: University of Califor-
nia; 2005.

56. Box GEP, Draper NR. Empirical model-building and response surfaces. New York: Wiley; 1987. 669
p.

57. Ullman EL, Boyce RR. Geography as spatial interaction. Seattle: University of Washington Press;
1980. 231 p.

International Travel Behavior and Geotagged Photos

PLOS ONE | DOI:10.1371/journal.pone.0154885 May 9, 2016 18 / 18

http://dx.doi.org/10.1111/Tgis.12023
http://www.ncbi.nlm.nih.gov/pubmed/WOS:000329499900005
http://dx.doi.org/10.1080/00045608.2011.561070
http://dx.doi.org/10.1080/00045608.2011.561070
http://dx.doi.org/10.1080/00045608.2015.1018773
http://dx.doi.org/10.1080/00045608.2015.1018773

