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A B S T R A C T

Spatial visitation patterns and its features on nature-based tourism are difficult to assess using only a field-based
survey, which is costly and labor intensive. However, understanding of a protected area's visitation status is
critical, as it can strongly influence the sustainability of natural resources. Hence, it is important to identify
‘where people visit’ and ‘why people visit,’ to evaluate the features attractive to tourists. In this regard, we
proposed and applied social big data to investigate nature-based tourism in an ASEAN Heritage Park. Overall,
our research was able to effectively illustrate spatial patterns of visitation using 10 years of Flickr geo-tagged
photographs. Hotspots of high visitation were identified, while revealing the local spatial impact of distributed
attributes. This study offers insights into the applicability of social big data to protected-area management and
its potential in reinforcing existing field-based participatory approaches.

1. Introduction

Nature-based tourism is a cultural service defined as ‘the non-ma-
terial benefits people obtain from ecosystems through spiritual en-
richment, cognitive development, reflection, recreation, and aesthetic
experiences’ (Assessment, 2005). In addition, it offers the opportunity
to experience the various benefits of ecosystems by facilitating the
human-ecosystem relationship (Chan, Satterfield, & Goldstein, 2012;
Daniel et al., 2012; Moyle et al., 2017; Torland, Weiler, Moyle, & Wolf,
2015). In fact, the increase in public visitation, reflecting nature-based
tourism, may significantly impact the management of protected areas
(PA). Major management elements of PA, such as spatial zoning for
supporting attributes (e.g. accommodations, restaurants), budget
planning, and development of recreation programs, can be strongly
influenced by the density and spatial variation of visitation. On the
other hand, an increase in economic benefit along with increased
visitors support the financial stability of conservation activities that
enhance the management capacity (Steven, Castley, & Buckley, 2013).
In this regard, the Convention on Biological Diversity (CBD) empha-
sized the importance of the evaluation of nature-based tourism and
attention to sustainable management to prolong the benefits of redu-
cing poverty and promoting environmental protection (CBD, 2016). In
this vein, an assessment of spatial visitation patterns and their char-
acteristics is strongly required to obtain essential information on

tourism management.
The most representative method for evaluating nature-based

tourism is to quantify potential tourism areas through geographical
spatial analysis, expenditure analysis, and surveys of people's satisfac-
tion/preference through questionnaire or interview (Nahuelhual,
Carmona, Lozada, Jaramillo, & Aguayo, 2013). As a matter of fact,
though identification of spatial visitation patterns has been emphasized,
evaluation of nature-based tourism generally has relied on ques-
tionnaire- or interview-based assessment that considers some of the
diverse stakeholders (Chan et al., 2012). Furthermore, the collected
field information, in general, is often too limited to be able to fully
reflect the spatio-temporal characteristics of visitation or consider
multi-destinations of visitors (Hanson, 1980; Heberling & Templeton,
2009; Sessions, Wood, Rabotyagov, & Fisher, 2016; Önder, 2017). In
this regard, there is a need to reflect various preferences and im-
pressions on tourist choices in destinations, and reinforce pre-existing
quantified approaches toward cultural services (Assessment, 2005).
However, it is challenging in reality to consider a large number of
visitors on multi-destinations, as the collection of such field data is
expensive and labor-intensive (Heikinheimo et al., 2017). Hence, fun-
damental questions in relation to public visitation such as ‘Which lo-
cations do people prefer?’, and ‘What are the characteristics of visita-
tion patterns regarding features inside tourist destinations?’ are difficult
to identify.
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Compared to field data, social big data has gained significant re-
cognition for the exponential growth of its usage. The generation of
data, such as geo-tagged photographs and tweets, has been estimated at
2.5 exabytes per day (Bello-Orgaz, Jung, & Camacho, 2016; IBM, 2015).
The growth of social big data is particularly meaningful for the as-
sessment of nature-based tourism as a cultural service, because it can
provide insights into the preferences, ideas, values, and behavior of the
diverse collection of visitors (Willemen, Cottam, Drakou, & Burgess,
2015). Accordingly, previous studies have identified the ability of geo-
tagged photographs to effectively represent overall visitation trends in a
spatial context (García-Palomares, Gutiérrez, & Mínguez, 2015;
Kurashima, Iwata, Irie, & Fujimura, 2010; Salas-Olmedo, Moya-Gómez,
García-Palomares, & Gutiérrez, 2018; Wood, Guerry, Silver, & Lacayo,
2013). Specifically, distributions of crowd-sourced images uploaded on
Flickr correlated well with observed visitation data at recreational sites
(Sessions et al., 2016; Wood et al., 2013). Using social big data, at-
tempts have been made to reveal the management issues of PA, by
analyzing the variation in spatial visitation patterns and its relationship
with tourism attributes. For instance, Hausmann et al. (2017) identified
that preference to visit sub-Saharan protected areas is increased where
key species are present (Hausmann et al., 2017). L. Sonter, Watson,
Wood, and Ricketts (2016) discovered the influence of changes in
landscape attributes on the visitation rate, quantified using geo-refer-
enced images on Flickr (Sonter et al., 2016).

Such an application of big data is in its early stages. To assess the
applicability and effectiveness of social big data on PA management,
there is a need to verify and examine the use of crowd-sourced in-
formation (Heikinheimo et al., 2017). Furthermore, due to the fact that
investigating visitation satisfaction using a field survey is generally
conducted rather than social big data analysis, it is important to offer
insights into how social big data can supplement or reinforce the pre-
existing approach. In particular, PAs in developing countries have high
conservation value and recognition but poor field data necessary to
quantify nature-based tourism. Moreover, compared to unique values,
the PAs in developing countries are experiencing a rapid growth in
visitation, compared to those in developed countries (Balmford et al.,
2009). However, as far as we know, the application of social big data to
major PAs in developing countries is rarely conducted. Therefore,
though the usage of social big data is necessary for application to every
PA, because of the ecological and cultural importance and necessity, the
applicability and effectiveness of the social big data approach should be
also considered in developing countries.

Hence, this study aims to apply and validate the innovative mod-
eling approach using social big data to offer key information supporting
sustainable management at the ASEAN Heritage Park, which is the se-
lected protected area with outstanding biodiversity across the ASEAN
region. In particular, we aim to identify spatial visitation patterns by
applying 10-year-accumulated geotagged photographs from Flickr
(www.flickr.com). Furthermore, to analyze characteristics of pre-
ference, the spatial regression relationship between the identified visi-
tation pattern and the distribution of attributes—natural and cultural
attractions and tourism-supporting artifacts—was investigated by con-
ducting geographically weighted regression. As a whole, this study of-
fers insight into the application of social big data for tourism man-
agement in PA, including the effectiveness and limitation of its usage,
and its advantage in reinforcing an existing field survey. It is expected
that the results of this study will contribute to providing an under-
standing of the effective usage of crowd-sourced big data for the sus-
tainable tourism management of PA, where field data may be limited.

2. Method

2.1. Study area

Southeast Asia is geographically known for its unique group of
countries that share organism-inhabiting ecosystems that are common

to the countries in the region. ASEAN Heritage Parks (AHPs) are hot-
spots for biodiversity, boasting of a unique group of ecosystems that
host more than 300 threatened and endangered species of vertebrates.
In particular, AHPs are defined as “protected areas of high conservation
importance, preserving in total a complete spectrum of representative
ecosystems of the ASEAN region” (ASEAN Centre for Biodiversity,
2017).

The 38 AHPs represent a myriad of habitats that range from
mountain peaks and caves to mangrove forests and coral reefs. The
coral-reef ecosystems of Indonesia, Malaysia, the Philippines, and
Thailand rival that of Australia's Great Barrier Reef. Incidentally, the
beaches and mangroves of Southeast Asia are also breeding grounds for
turtles and various marine life, such as sharks, reptiles, and birds.
Furthermore, there are 5 AHPs that are also designated UNESCO World
Heritage Sites, which cements the status of AHPs as the key repositories
of not only natural and genetic resources but also cultural resources
that represent the uniqueness of the region. This makes them a highly
conducive venue for not just biodiversity conservation but also en-
vironmental education and ecotourism (ACB (ASEAN Centre for
Biodiversity), 2017).

AHPs promote the facilitation of nature-based tourism and its sus-
tainable tourism management. Though each AHP has different char-
acteristics (e.g., accessibility, flora, and fauna species), the status of
nature-based tourism should be identified for entire AHPs. All the de-
signated AHPs are comprehensively managed in coordination with
ASEAN member states. To initially evaluate the usage of social big data
in such AHPs, in this study, the 15 AHPs with the largest number of
geotagged photographs were investigated to explore the applicability of
social big data (Fig. 1). Among the evaluated AHPs, the AHP with the
highest number of geo-tagged photographs was designated as the main
study site to offer insights into the utilization of social big data. In this
regard, Tarutao National Marine Park, located in Thailand, was eval-
uated. The location of Tarutao National Marine Park and the in-
vestigated 15 AHPs are illustrated in Fig. 1.

2.2. Data collection

We base our analysis on crowdsourced information with high ac-
cessibility, which is open to public. Specifically, Flickr (www.flickr.
com) was the chosen source of social big data for this study, as pho-
tographs were available as open-source data. In particular, the number
of mean annual photographs per user (photo-user-day) of each area was
quantified by applying a Python model called natcap.invest.recreation
from the Natural Capital Project (www.naturalcapitalproject.org). In
this study, the coordinates derived from Flickr-geotagged images from
2005 to 2014 were used.

Data regarding the location of attributes inside the Tarutao National
Marine Park, was obtained using Open Street Map (OSM; www.
openstreetmap.com). Open Street Map is a crowd-sourced spatial in-
formation source, in which geographical information is volunteered,
enabling users to acquire spatial data that is fairly accurate (Haklay,
2010). Coordinates of major tourist attractions and supporting artifacts
can be acquired as a point shape file, though certain PA may have
limited official information. In this study, a total of 168 coordinates
describing natural attractions (e.g., waterfall, beach), cultural attrac-
tions (e.g., historical prison site), and tourism-supporting artifacts (e.g.,
accommodation facility) were collected.

2.3. Identification of spatial visitation pattern

Spatial visitation patterns were identified by quantifying the proxy
‘photo-user-day’ (PUD), developed by Wood et al. (2013). PUD is the
estimated proxy for the number of visitors. It indicates the annual
average number of people in a day who uploaded at least one image
(Wood et al., 2013). If PUD is quantified as 10, it indicates that the site
has an average of 10 visitors a day over the course of a year. The PUD
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itself should not be used as an indicator reflecting the actual number of
visitors. Instead, it should be interpreted as a proxy reflecting the var-
iation in visitation densities for each area, as it cannot represent all past
visitors at the considered site.

In this study, PUD was calculated per 1 km × 1 km grid. Each grid
was constructed in hexagonal form. The diameter for each hexagon was
1 km. In particular, the PUD value based on the 10-year-accumulated
geo-tagged photographs from 2005 to 2014 was quantified. The iden-
tified PUD was converted into a map using ArcGIS 10.6, reflecting
varying visitation densities. Tarutao National Marine Park, divided into
1 km × 1 km, contained a total of 2076 hexagonal grids. The total
analyzed area was 1349 km2. The number of hexagonal grids con-
taining at least one photograph was total 274. To illustrate the visita-
tion hotspot, every PUD value on study site was divided into top 5%,
10%, 25%, and 50%, revealing the visitation hotspots that have rela-
tively high visitation.

2.4. Validation of PUD

To validate the PUD values, we compared them with the observed
tourism revenue at the Tarutao National Marine Park. The collected
information on tourism revenue (e.g., admission charges) reflects the
activities of the visitors at their multi-destinations. The revenues were
aggregated on a monthly basis. However, with regard to the visitations
that occurred in 2014, Tarutao National Marine Park did not account
for the visitation revenue in July. Thus, 11 datasets, which include
monthly revenues in 2014 for all months except July, were compared
with each monthly mean PUD value. In particular, we quantified the

Pearson correlation coefficient as follows: 1) Top 1% PUD values (vis-
itation hotspots where people frequently visit) were compared with the
observed tourism revenue; 2) the overall PUD values per 1 km × 1 km
were compared with the observed tourism revenue.

Furthermore, to validate the identified visitation pattern, face-to-
face focus group interviews were conducted with five regional experts
including regional management officers and scholars in AHPs. The
suitability of the identified visitation pattern compared to local
knowledge was investigated. The discussion was conducted on
November 4, 2016 in Seoul, Republic of Korea. The interview and
discussion lasted about two hours.

2.5. Evaluating visitation pattern regarding distribution of attraction and
artifact

In this study, geographically weighted regression (GWR) was per-
formed to evaluate the characteristics of preference that reveal why
people visit. Regarding the distribution of natural attractions, cultural
attractions, and tourism-supporting artifacts, the regression impact of
such attributes on visitation pattern was analyzed using spatial statis-
tics. GWR measures the local spatial impact between dependent and
independent variables by calculating regression coefficient at each in-
dividual location (Fotheringham, Brunsdon, & Charlton, 2003). Com-
pared to ordinary statistical analysis, including ordinary least squares
(OLS) linear regression, GWR can draw information reflecting the ‘local
spatial pattern.’ It is a type of local statistics that shows how a re-
lationship varies over space to understand possible hidden causes of
spatial patterns (Fotheringham et al., 2003). R2 and regression

Fig. 1. Map of a) the evaluated 15 ASEAN Heritage Parks (AHPs) and b) Tarutao National Marine Park located in Thailand. Coordinates from geotagged
photographs were evaluated for the 15 AHPs using social big data, particularly for Tarutao National Marine Park.
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coefficients are quantified by performing GWR, which reveals an in-
dependent variable's impact on a dependent variable. In this study,
attributes—natural attractions, cultural attractions, and tourism-sup-
porting artifacts—were considered independent variables (S1, S2). The
dependent variable was PUD, the proxy for visitation. To perform GWR,
the kernel (neighborhood) type and bandwidth (distance limit of ana-
lysis) method were selected using ArcGIS10.6. We applied the adaptive
kernel that reflects the spatial density of the features. The bandwidth is
the distance around each observation point, which determine the size of
the observation spatial range (Fotheringham et al., 2003). The band-
width is defined by selecting the number of neighborhood cells. If the
determined number of neighborhood cells is smaller, the observation
spatial range of the spatial regression analysis is more confined. We
performed GWR with a default value of ‘30’ and a smaller value of ‘10’.
To reflect a more confined impact range, we defined the number of
neighborhood cells as ‘10’.

3. Results

3.1. Applicability of social big data in 15 AHPs

Aggregating the crowdsourced information from 2005 to 2014,
Tarutao National Marine Park was determined to have the most pre-
ferred visiting spot—maximum PUD—among the 15 AHPs (Table 1).
Considering the fact that an AHP is a selected protected area with high
levels of conservation and recognition, Tarutao National Marine Park
was assessed to have a typically high preference in the ASEAN region.
The highest number of PUD in the hexagonal unit was 33.3.

The 15 AHP spatial visitation preferences were calculated based on
the collected coordinates of geo-referenced images. The maximum PUD
for each evaluated protected area and the median value of PUD are
illustrated.

3.2. Spatial visitation pattern of Tarutao National Marine Park

The use of social big data for Tarutao National Marine Park iden-
tified the number of PUD, revealing where people particularly visit
(Fig. 2). Visiting densities in every area of the PA were identified by
generating the map showing variations in the number of PUD. Hotspots
having the top 5% visitation rates were revealed in the study site
(Fig. 2). The results indicated that Ko Lipe island and Ko Tarutao island
were the most frequently visited islands. Ko Adang and Ko Rawi islands
were also identified as frequently visited places.

We validated the calculated PUD within the observed field-collected
data by performing Pearson correlation analysis (Fig. 3). The quantified
PUD was significantly correlated with the visitation revenue (r= 0.90,

p < 0.001). The estimation of visitation for the most visited hotspot
(top 1% across Tarutao National Marine Park) also showed a significant
correlation with the visitation revenue (r= 0.83, p < 0.001). Con-
ducted focus group interviews validated the identified spatial visitation
pattern's applicability. The opinions of regional managers and experts
on visitation hotspots and related visitation patterns were compared
within the identified PUD, corresponding well with the local knowledge
on where people mostly visit and representative visitation patterns. In
particular, the identified map was the most effective piece of informa-
tion to investigate overcrowding place and the areas where tourism
activities should be facilitated.

3.3. Impact of attraction and artifact on visitation pattern

The results of GWR showed the influence of three categorized at-
tributes—natural attractions, cultural attractions, and tourism-sup-
porting artifacts—on identified visitation patterns (Fig. 4). R2 revealed
the validity of the spatial regression analysis regarding each considered
attribute and surrounding visitation pattern. The regression coefficient
illustrated the direction and size of the impact on visitation pattern for
the three categorized attributes.

The highest regression coefficient was observed for the natural at-
tractions (β=6.5), while the lowest was detected for the tourism-
supporting artifacts (β=−0.3). Specifically, compared to cultural at-
tractions and tourism-supporting artifacts, natural resources had a
wider impact on visitation densities. The strong impact of natural at-
tractions was mainly detected in the northern part of Ko Tarutao,
southern part of Ko Adang, Ko Lipe, and Ko Batong. On the other hand,
the impact of cultural attractions on visitation patterns was mainly
found in the eastern part of Ko Tarutao. As for tourism-supporting ar-
tifacts, Ko Lipe and part of Ko Tarutao, Ko Rawi, and Ko Adang were
areas showing higher visitation due to the distribution of tourism-
supporting artifacts.

4. Discussion

Identification of spatial patterns of public visitation is necessary to
evaluate the benefit and appropriateness of tourism activities in PA.
The importance of mapping and quantification on the benefits of nature
has been emphasized, as it can effectively improve the process of de-
cision making to manage natural resources (Burkhard, Kroll, Nedkov, &
Müller, 2012; Daily et al., 2009; Daily & Matson, 2008). The problem is
that the field data for PA is often too limited to quantify the preference
of nature-based tourism regarding actual visitation patterns. Therefore,
in this study, we have proposed and applied an innovative modeling
approach that uses social big data to reveal spatial visitation patterns
inside ASEAN Heritage Park. Moreover, as there is barely any in-
formation on ‘how to apply the social big data in PA management,’ or
‘how to complement existing field surveys on visitation satisfaction
with the usage of social big data’, we provide insight into the applica-
tion of social big data for PA tourism management.

4.1. Applicability of social big data to evaluate nature-based tourism

Consideration of diverse visitors and their multi-destinations is a
main challenge in tourism management of PA. To overcome the chal-
lenge, mapping tools such as public participatory geographic informa-
tion systems (PPGIS) were developed that link public and expert per-
ceptions of geographical information (Gregory Brown, 2004). However,
labor-intensive techniques and time to apply such tools on a large scale
are required. On the other hand, extracted GPS-based location in-
formation from social media can be effectively applied in large-scale
assessment. Using GPS coordinates from Flickr geotagged images, the
median and maximum PUD of the 15 AHPs, which were widely dis-
tributed across various ASEAN countries, were quantified. Since social
big data embraces various spatio-temporal ranges of diverse visitors

Table 1
Maximum and median PUD (Photo-User-Days/yr) per evaluated AHPs (ASEAN
Heritage Parks).

Name of ASEAN Heritage Park Country Maximum PUD Median PUD

Tarutao National Marine Park Thailand 33.3 1.15
Taman Negara Malaysia 20.6 0.70
Kinabalu Malaysia 16.1 1.90
Inlay Lake Myanmar 8.1 2.95
Khao Yai Thailand 6.7 1.10
Mount Timpoong - Hibok-hibok Philippines 6.7 0.45
Ao Phangnga - Mu Koh Surin – Mu

Koh Similan
Thailand 5.4 1.45

Hoang Lien Son - Sa Pa Vietnam 3.3 0.60
Preah Monivong Cambodia 3.3 0.60
Kaengkrachan Forest Complex Thailand 2.9 0.65
Mount Makiling Philippines 2.8 0.90
Gunung Leuser Indonesia 1.6 0.40
Gunung Mulu Malaysia 1.6 0.60
Ba Be Vietnam 1.2 0.55
Kerinci Seblat Indonesia 1 0.45
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with high cost-efficiency, we assumed that the PUD can be used for the
comparison of nature-based tourism in a domestic and global context.

In line with that, the identified PUD in Tarutao National Marine
Park was evaluated to be consistent with the observed data. The overall
PUD in Tarutao National Marine Park showed a significant relationship
with the observed tourism revenue (Pearson's r= 0.90, p= 0.001).
While only considering the region with the top 1% in visitation, the
Pearson coefficient indicated a high degree of correlation (r= 0.83,
p=0.001). In agreement with these results, S. Wood et al. (2013) and
C. Sessions et al. (2016) validated the objectivity of PUD (Sessions et al.,
2016; Wood et al., 2013). Regarding 831 tourist destinations in 31
countries, S. Wood et al. (2013) showed that PUD was consistent with
observed number of visitors (Pearson's r= 0.6–0.8). C. Sessions et al.
(2016) verified the PUD for 38 U.S. National Parks, identifying that
PUD is statistically significant with the observed monthly data (Pear-
son's r= 0.65). In this study, local knowledge of visitation hotspots was

also matched with the spatial visitation pattern derived from PUD.
Although further verification of social big data should be conducted
with sufficient observed data, the results support the applicability of
social big data to identify the spatial variance on overall visitation
tendencies and hotspots for tourism.

Moreover, the results of GWR between PUD and distribution pat-
terns of attributes showed how the diverse attributes inside
PA—natural attractions, cultural attractions, and tourism-supporting
artifacts—had influenced public visitation. Visitation patterns from the
three categorized attributes were clearly different, which revealed the
characteristic of spatial variance of visitation. As location of attributes
can be further obtained regarding crowd-sourced information, such as
Open Street Map, further analysis of targeted tourism resources can be
performed for different management purposes.

Fig. 2. Evaluated spatial visitation pattern of Tarutao National Marine Park. a) Visitation rate expressed as PUD (Photo-User-Days/yr) of Tarutao National
Marine Park; b) Visitation hotspots having top 5%, 10%, 25%, 50% PUD values.
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4.2. Effectiveness and usefulness for PA management

Considering that ASEAN countries, as well as other regions, have
limited attempts to quantitatively assess cultural services at present
(Shoyama, Kamiyama, Morimoto, Ooba, & Okuro, 2017), new types of
collected data may contribute to the combination of visitation values of
cultural service with spatial management. Factual spatial visiting pat-
terns can be reflected in PA management by supporting policy-makers
and park managers. In this study, we identified the degree of visit for
each location across the PA. Moreover, we suggested how different
types and distributions of attributes in the PA affect visitation patterns.
Such information can be used in developing tourism management ac-
tivities such as the creation of new recreation programs, facilities, or
roads to facilitate cultural services in PA. Furthermore, as an un-
sustainable visitation pattern can turn nature-based tourism into a
threat (Daniel et al., 2012; Liddle, 1997; Reed & Merenlender, 2008),
social big data's ability to identify the degree of visitation in each lo-
cation is essential to promote biodiversity conservation (Di Minin,
Tenkanen, & Toivonen, 2015). Identified information on visitation
hotspots are expected to be used for further analyzing the threatening
areas that have exceeded their carrying capacity. Moreover, revealed
spatial visitation pattern can contribute to develop focused manage-
ment plan such as building viewing platform or alternative roadway for
sustainable tourism.

Participation of policy-makers and local managers can improve the
quantity and quality of data by leveraging modern technology to
evaluate specific subjects in a management agenda or certain needs of

various visitors (Sessions et al., 2016). This means that the approach to
analyzing the daily visitor count can also be extended to correlate the
visitation pattern with weather or other subject of management interest
(Sessions et al., 2016). In this regard, geo-tagged photographs can be
further used to fulfill various objectives of management, such as ‘sur-
veying the visitation pattern in the off-season’ or ‘evaluating a specific
location's visitation pattern, where accidents were frequently observed’.

4.3. Coordination with survey-based participatory approach

This study suggested that social big data can be a powerful tool to
evaluate nature-based tourism. However, field surveys are required to
investigate ‘visitation satisfaction’ or ‘perceived value on nature-based
tourism’, which is related with public perception and emotion. For in-
stance, the field survey at Tarutao National Marine Park was able to
reveal public visitation satisfaction and willingness to pay at distributed
attributes (S3). That is, the perceived value should be further in-
vestigated regarding people's subjective opinion or choice, since iden-
tified spatial visitation patterns cannot solely represent people's various
emotions or diverse satisfaction rates for each tourism resource. Thus,
in coordinating between the two methodologies, it is important to
analyze not only the spatial characteristics of tourism but also the di-
verse perceived value of visitors.

4.4. Limitation and challenge

There are concerns that big data acquired from social media may
have biases. First of all, the amount of social big data can vary de-
pending on the visitor's characteristics and circumstances. For instance,
the distance to their home location can impact the frequency of photo-
taking activities (Wood et al., 2013). Similarly, the percentage of for-
eign visitors and nationalities can influence the amount of social big
data. Next, the GPS function of a mobile device can highly influence the
quality of social big data. Thus, some PAs might have low credibility in
the analyzed results due to the malfunction of the GPS signal. Finally,
for each country or region, each social-media platform, such as Flickr,
Twitter, and YouTube, may show different visitation patterns. More-
over, the number of photographs may differ depending on the user's age
or characteristics of attraction.

Therefore, in further analysis, we suggest using multiple big data to
reveal the diverse preference across PAs. Furthermore, consideration of
the affluent time range is required for data collection. In this study,
social big data accumulated for 10 years was used. More attempts
should be made to validate the credibility of social big data with suf-
ficient field data. However, even though there are such limitations and
obstacles, our findings show that PUD can reveal the spatial visitation
patterns of public visitation with high cost-efficiency. To increase the
applicability of social big data, the above-mentioned problems need to
be considered during further evaluation.

5. Conclusions

This study indicates how the use of geo-referenced images on Flickr
can evaluate nature-based tourism in protected areas. Although data
from such sources may be limited, the volume of such data possesses
value, and it is cost effective. It is suggested that such data can aid the
management of protected areas by identifying spatial patterns of visi-
tation, the changes of behavior that can result from inducing changes in
signposting, track management and the imposition of restrictions and
the provision of alternatives such as viewing platforms to control flows
of visitors. As unsustainable tourism can be a risk to the entire eco-
system services in a PA, the potential of social big data to discern such
spatial visitation dynamics is a powerful and innovative tool to support
tourism management. Hence, regarding the advantages and possibilities
of social big data, conducting suggested approach with existing field-
based survey can generate robust information to achieve sustainable

Fig. 3. Correlation between PUD (Photo-User-Days/yr) and tourism rev-
enue. Pearson correlation coefficient for a) verification of PUD (Photo-User-
Days/yr) for the entire area, b) verification of PUD (Photo-User-Days/yr) for the
top 1% hotspot. THB (Thai Baht) represents the currency of Thailand. Figure
created using ggplot2 package for R.
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